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Abstract
Hospital management and researchers are increasingly using electronic databases to study utilization,
effectiveness, and outcomes of healthcare provision. Although several studies have examined the
accuracy of electronic databases developed for general administrative purposes, few studies have
examined electronic databases created to document the care provided by individual hospitals. In this
study, we assessed the accuracy of an electronic database in a major teaching hospital in Eastern
Province, Saudi Arabia, in documenting the 17 comorbidities constituting the Charlson index as recorded
in paper charts by care providers. Using the hospital electronic database, the researchers randomly
selected the data for 1,019 patients admitted to the hospital and compared the data for accuracy with the
corresponding paper charts. Compared with the paper charts, the hospital electronic database did not
differ significantly in prevalence for 9 conditions but differed from the paper charts for 8 conditions. The
kappa (Ƙ) values of agreement ranged from a high of 0.91 to a low of 0.09. Of the 17 comorbidities, the
electronic database had substantial or excellent agreement for 10 comorbidities relative to paper chart
data, and only one showed poor agreement. Sensitivity ranged from a high of 100.0 percent to a low of
6.0 percent. Specificity for all comorbidities was greater than 93 percent. The results suggest that the
hospital electronic database reasonably agrees with patient chart data and can have a role in healthcare
planning and research. The analysis conducted in this study could be performed in individual institutions
to assess the accuracy of an electronic database before deciding on its utility in planning or research.
Keywords: accuracy, agreement, Charlson index, hospital electronic database, Saudi Arabia

Introduction
Traditionally, a manual detailed chart review is used to abstract data from medical records when
patient information is needed after discharge. However, hospital electronic databases are being
increasingly used by policy makers and planners to measure healthcare demands and needs and to plan
provision of care. These databases are also being used by researchers to conduct studies on healthcare
quality and outcomes and on utilization of healthcare services.1 Among the factors contributing to the
increasing use of electronic databases are their easy availability for analysis, their relatively low cost, and
the large quantities of clinical information they offer regarding care provided during patient contact with
the healthcare system.2–4
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The presence of comorbid conditions has a major influence on utilization and outcomes of care. As a
result, researchers have developed scoring systems to account for the number of comorbidities, which can
be used to adjust for the patient mix when measuring outcomes or care utilization.5, 6 One of the most
widely used and validated scoring systems was developed by Charlson and colleagues.7 This system was
originally developed to predict one-year mortality in a cohort of medical patients while taking into
consideration the number and severity of comorbid diseases.
National surveys in the United States have shown that the level of information technology (IT)
adoption, including that of electronic medical records (EMRs), is still limited in most clinical settings.8
The Healthcare Information and Management Systems Society (HIMSS) analytic database indicated that
about 65 percent of hospitals are at stage 3 of EMR implementation or below, and only 1.8 percent have
adopted the complete use of EMRs.9 As a result, many hospitals are still using combined paper and EMR
systems. Some information about patient care (such as laboratory orders and results, medications
received, and procedures performed) is entered into the electronic system during the patient’s hospital
stay. Other information about the episode of care, such as details of patient diagnoses and comorbidities,
which are usually coded using the International Classification of Diseases, Ninth Revision, Clinical
Modification (ICD-9-CM)10 and now in some countries the International Classification of Diseases, Tenth
Revision (ICD-10), is transferred from the paper chart to the electronic database following the patient’s
discharge.11, 12
With the wider use of electronic databases in healthcare research, the accuracy and completeness of
such data have become an important issue given the potential for error in the process of coding the
diagnoses for entry into these databases. Studies from North America, Europe, and Australia have
investigated the accuracy of diagnostic coding of the Charlson comorbidity conditions in administrative
databases compared with diagnoses obtained through paper medical records.13–15 However, studies from
other countries or from different types of administrative databases are still lacking. As the quality of
administrative data varies across hospitals, regions, and countries, more studies are needed from different
countries to exchange information, to allow for the development of analytic tools that could be
standardized and adopted across countries, and to help understand the strengths and weakness of various
healthcare systems.16
In Saudi Arabia, despite the push by the government and a huge budget, Saudi hospitals have lagged
behind their US counterparts in the use of EMR systems.17 On the other hand, in a process similar to the
upcoming US transition to the International Classification of Diseases, Tenth Revision, Clinical
Modification (ICD-10-CM) and the International Classification of Diseases, Tenth Revision, Procedure
Coding System (ICD-10-PCS), Saudi Arabia is still transitioning to the use of ICD-10-CM/PCS;
however, ICD-9-CM is still the predominant coding system in both countries. In the United States, the
Department of Health and Human Services (HHS) recently announced a final rule that delays the required
ICD-10-CM/PCS compliance date from October 1, 2013, to October 1, 2014.18
We conducted this study to assess the accuracy of the hospital electronic database in a university
hospital in Saudi Arabia. To achieve that aim, we evaluated the extent to which ICD-9-CM diagnostic
codes constituting the Charlson index used in the hospital electronic database accurately reflected the
patients’ comorbid conditions as documented in the patients’ paper medical records.

Methods
Study Design
This was a cross-sectional study comparing the agreement of comorbidities for the same patient
obtained from two data sources: paper medical charts and the hospital electronic database. These data
sources contained records for all patients discharged from the hospital, with all diagnoses and procedures
recorded for each patient. The study was approved and funded by the Deanship of Scientific Research at
the University of Dammam.
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Study Setting and Population
The study was conducted using the records of patients admitted from January 1, 2008, to December
31, 2010, to the Department of General Medicine at the teaching hospital affiliated with the University of
Dammam in Eastern Province, Saudi Arabia. In 1998, the hospital introduced a QuadraMed system that is
integrated to a clinical decision support system.19 Since the implementation of this system, all physicians
have been required to enter medication orders and review lab results electronically. Some information is
still being entered manually in paper charts.

Data Sources
We identified the electronic medical records of patients discharged from the Department of General
Medicine during the three-year period from January 1, 2008, to December 31, 2010. To have at least
1,000 study participants for the final analysis, a random number generator was used to randomly select
1,050 patients from the electronic database to compensate for the anticipated unavailability of the paper
charts for some of the patients. Information including patient demographic characteristics such as date of
birth, nationality, discharge status including in-hospital death, date of admission, date of discharge, and
all ICD-9-CM diagnoses and procedure codes was abstracted. Patients were excluded if their age was less
than 18 years. Medical conditions and procedures were coded into the hospital electronic database using
ICD-9-CM by experienced coders who read through the paper charts. The corresponding paper charts
were requested from the medical record department of the hospital. All diagnoses in both the paper charts
and the electronic database were abstracted and included in the analysis.

Chart Review
Two health information management graduates with experience in medical record review and data
extraction were assigned to review the selected medical charts in their entirety. For each patient, the
principal diagnosis and all 17 comorbidities included in the Charlson index (see Table 1) were searched
for and collected from the chart. The reviewers abstracted information from the cover page, discharge
summary, physician notes, consultation reports, laboratory results, and physician orders. Other patient
information, such as demographic characteristics and occurrence of death during hospitalization, was also
abstracted. To ensure consistency in the abstraction process, 20 charts other than those included in the
final study analysis were cross-abstracted by both reviewers and were checked by the author for
agreement (Ƙ = 0.82). The chart reviewers were blinded to the contents of the electronic database for the
study patients.

Statistical Analysis
Descriptive statistics were used to calculate the prevalence of 17 comorbidities in both the electronic
database and the paper chart data, and the results were then compared using McNemar’s test. To assess
the accuracy of the electronic database in reproducing the chart data, sensitivity, specificity, positive
predictive value, and negative predictive value were calculated using the chart data as the gold standard.
Sensitivity was calculated as a measure of the accuracy of recording comorbidities in the electronic
database when they were present in the paper chart. Specificity was calculated to determine the accuracy
of reporting the absence of the condition in the electronic database when it was also absent from the paper
chart. Positive predictive values and negative predictive values were also calculated to determine the
extent to which a comorbidity present in or absent from the electronic database was also present in or
absent from, respectively, the paper chart. Furthermore, to test the agreement between the two databases,
we calculated kappa (Ƙ) statistics for individual comorbidities. To interpret the extent of agreement
greater than chance, kappa values were categorized into five categories according to Landis and Koch’s
method:20 ≤0.20 (poor agreement), 0.21–0.40 (fair agreement), 0.41–0.60 (moderate agreement), 0.61–
0.80 (substantial agreement), and 0.81–1.00 (excellent agreement). Analysis was conducted using Stata
software (Stata Corporation, College Station, Texas). A p-value less than or equal to .05 was considered
to be statistically significant.
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Results
Of the 1,050 randomly selected charts, 31 were not available in the medical record department
because they were of patients staying in the hospital at the time of request. The data for the remaining
1,019 patient paper charts were manually reviewed and successfully linked to the corresponding records
in the electronic database and were included in the analysis of this study.
Table 2 shows the characteristics of the 1,019 study participants. The average patient age was 49.5
years, and about 64 percent were men. The majority of the patients were Saudi (81 percent), followed by
non-Arab (10 percent), and Arab non-Saudi (9 percent). Five percent died during their hospital stay, 88
percent were discharged alive, and 7 percent were discharged against medical advice (DAMA). The
highest percentage of patients (36 percent) had 5 to 10 comorbidities. Only 10 percent had more than 10
comorbidities.
Table 3 shows the prevalence of the 17 comorbidities included in the Charlson index according to
data source (electronic database and paper patient chart). The prevalence of 9 of the 17 comorbidities did
not differ significantly between the two databases (p > .05). The electronic database underreported the
prevalence for six conditions (myocardial infarction, 12.8 percent vs. 40.4 percent; hemiplegia/paraplegia,
1.5 percent vs. 5.2 percent; diabetes, 32.8 percent vs. 35.5 percent; diabetes with chronic complication,
7.3 percent vs. 19.3 percent; mild liver disease, 0.9 percent vs. 4.9 percent; and renal disease, 8.9 percent
vs. 10.5 percent; p =< .01) and overreported the prevalence for two conditions (cerebrovascular disease,
14.3 percent vs. 12.0 percent; rheumatologic disease, 1.7 percent vs. 0.7 percent; p < .01).
Five quantitative indices to assess the extent of accuracy of the electronic database in reproducing the
comorbidities included in the paper charts are presented in Table 4. The kappa value indicated excellent
agreement (Ƙ = 0.81–1.00) between the electronic data and the paper chart for three conditions
(cerebrovascular disease, metastatic solid tumor, and AIDS/HIV), substantial agreement (Ƙ = 0.61–0.80)
for seven comorbidities, moderate agreement (Ƙ = 0.41–0.60) for three comorbidities, and fair agreement
(Ƙ = 0.21–0.40) for three comorbidities. Only mild liver disease had poor agreement (Ƙ < 0.20).
Sensitivity also varied according to the comorbidity, from a high of 100 percent for rheumatologic disease
to a low of 6 percent for mild liver disease. Of the 17 comorbidities included in the Charlson index, six
comorbidities had sensitivity above 80 percent as recorded in the electronic data (cerebrovascular disease,
chronic pulmonary disease, rheumatologic diseases, diabetes, metastatic solid tumor, and AIDS/HIV). On
the other hand, six comorbidities had a sensitivity of less than 50 percent (myocardial infarction,
peripheral vascular disease, hemiplegia/paraplegia, diabetes with chronic complication, mild liver disease,
and moderate liver disease). The specificity values for all 17 comorbidities were greater than 93.0 percent,
indicating that the electronic database performed very accurately when the condition was not present in
the paper chart.
Table 4 also presents positive predictive values and negative predictive values, which indicate the
extent to which a comorbidity present in or absent from the electronic database was also present in or
absent from, respectively, the paper chart. Positive predictive values were low (≤50 percent) for four
comorbidities (peripheral vascular disease, rheumatologic diseases, mild liver disease, and moderate liver
disease). On the other hand, the positive predictive values were 80 percent or greater for seven
comorbidities (myocardial infarction, chronic pulmonary disease, diabetes, renal disease, any malignancy,
metastatic solid tumor, and AIDS/HIV). All but one of the 17 conditions (myocardial infarction) had a
high negative predictive value (≥85.0 percent), indicating that their absence in the electronic database also
indicated their absence in the paper chart.
When we compared our study findings with those reported by Quan et al.21 and Kieszak et al.,22 we
found that the kappa values for four conditions (myocardial infarction, hemiplegia/paraplegia, diabetes
with chronic complication, and mild liver disease) were in higher kappa categories in the study by Quan
et al. than in ours (see Table 5). On the other hand, the kappa values of five other conditions (peripheral
vascular disease, cerebrovascular disease, dementia, renal disease, and AIDS/HIV) were in higher kappa
categories in our study than in that of Quan et al. The kappa values calculated for all conditions in the
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study by Kieszak et al. were lower than the corresponding kappa values in our study, although three were
in the same kappa value category as our study.

Discussion
Our study examined the accuracy of a hospital electronic database in accurately capturing
comorbidities documented in paper charts. Using the 17 comorbidities included in the Charlson index, we
found that the overall accuracy of the electronic database was reasonably good. Although the electronic
database reported a prevalence for the majority of the comorbidities included in the Charlson index that
did not differ significantly from that reported by the paper charts, it tended to underreport the prevalence
of the comorbidities when there was a discrepancy between the two data sources. Of the 17 comorbidities,
the electronic database had substantial or excellent agreement for 10 conditions relative to paper chart
data, and only one showed poor agreement.
Our study found that the difference in prevalence (whether higher or lower) was greater than 5
percent for only two conditions among the 17 included in the Charlson index when the hospital electronic
database was compared with the corresponding paper charts. When the results of the accuracy of the 17
conditions from our study were compared with those in the study by Quan et al.,23 four kappa values
reported by Quan et al. were in higher categories than in our study, and five were in higher categories in
our study. These results suggest that our electronic database coding accuracy is probably similar to or
may be better than the Canadian administrative data and more accurate than the US administrative data,
as demonstrated by higher kappa value categories in our study in nine out of 12 conditions studied by
Kieszak et al.24 These variations in accuracy between studies possibly reflect different types of
administrative data. In our study, the data are created as part of the normal hospital operations and are
intended for internal use by the hospital for quality assurance, utilization studies, and research purposes,
in contrast to other studies’ use of claims data, which could contain information intended to maximize
reimbursement.25 Other possible explanations include variation in the clarity and completeness of
documentation by physicians and variation in the experience and knowledge of the coders. Explanations
could also include the lack of standardized guidelines for the coding of comorbidities across institutions
or across countries. Quan et al.26 suggested that the better accuracy for comorbidities in the Canadian
administrative data compared with the US data in that study could be the result, at least partially, of
having a medical chart coding department with a single coordinator who supervises coding practices.
Interestingly, this management structure is the same as that used for the administration of medical chart
coding in our study hospital. Having a dedicated department for coding probably creates an environment
that changes the attitude toward documentation, allows for closer supervision and continued training,27
and ensures the hiring of qualified coders.
This study found that specificity was high (>93 percent) for all comorbidities, indicating that the
electronic data did not include conditions that were not actually present in the patients as reflected in the
paper charts. The low rate of false positives associated with high specificity may explain the generally
high positive predictive value for most of the conditions except those with low prevalence rates.28
Similar to other studies, our study found low sensitivity for chronic diseases including past
myocardial infarction, peripheral vascular disease, and hemiplegia/paraplegia. As suggested by others,
physicians may overlook documenting patients’ established chronic conditions that do not require
diagnostic investigations. As a result, coders may not code these conditions because coders tend to code
only conditions that are clearly noted by physicians.29
Previous research has found that an increase in the number of codes on the discharge abstract has an
inverse relation to coding completeness.30, 31 Our study supported the same finding: we found that a
discrepancy between the electronic database and the paper chart was more likely with an increase in the
number of comorbidities (data not shown). Having a higher number of comorbidities may lead coders to
consider some to be of less importance to enter into the database.32
There are several potential limitations to this study. First, this study was conducted in a single
university-affiliated hospital in Eastern Province, Saudi Arabia. Other studies have reported that the
accuracy of administrative data varies between teaching and nonteaching hospitals.33, 34 Generalizability
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to other medical institutions or other countries might not apply. Second, having the study patients come
from the Department of General Medicine may have reduced the applicability of the results of this study
to other types of specialties. Other studies have found that documentation in paper charts depends on
physician specialty and the type of medical condition.35 Third, this study was conducted on a hospital
electronic database created for internal use by the hospital rather than for reimbursement claims;
databases created for different purposes may vary in data quality.36 In addition, the chart coding used for
this study was conducted in a medical chart coding department that uses standardized and
professionalized coding rules and methods.37 The extent to which this organizational structure affects the
quality of coding remains unknown. Fourth, we evaluated our database using ICD-9-CM despite its
replacement by ICD-10 in several countries. Several studies have demonstrated that ICD-9-CM and ICD10 administrative data were coded reasonably well and had similar validity in recording information on
clinical conditions.38 Fifth, data abstraction by our research assistants was considered the gold standard in
all validity analyses. We assumed that the research assistants were able to abstract all available
information with complete accuracy. We also assumed that physicians were perfectly accurate in
documenting patients’ histories and in making diagnoses. As a result, this study does not take into
consideration the possibility of errors in physician documentation and errors in information abstraction by
our researchers.
In summary, our study demonstrated that individual comorbidities in the electronic database of the
University of Dammam teaching hospital coded according to ICD-9-CM are, on average, accurate for
most but not all of the comorbidities in the Charlson index. Researchers and management can utilize the
electronic database for research and general administrative purposes, although they must account for the
degree of inaccuracy of some of the comorbidities.
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Table 1
ICD-9-CM Coding Algorithms for Charlson Index Comorbidities
Comorbidity
Myocardial infarction
Congestive heart failure

Peripheral vascular
disease
Cerebrovascular disease
Dementia
Chronic pulmonary disease
Hemiplegia/paraplegia
Rheumatic disease
Peptic ulcer disease
Mild liver disease

Diabetes without chronic complication

Codes
410.x, 412.x
398.91, 402.01, 402.11, 402.91,
404.01, 404.03, 404.11, 404.13, 404.91,
404.93, 425.4–425.9, 428.x
093.0, 437.3, 440.x, 441.x,
443.1–443.9, 447.1, 557.1,
557.9, V43.4
362.34, 430.x–438.x
290.x, 294.1, 331.2
416.8, 416.9, 490.x–505.x, 506.4, 508.1, 508.8
334.1, 342.x, 343.x, 344.0–344.6, 344.9
446.5, 710.0--710.4, 714.0–714.2,
714.8, 725.x
531.x–534.x
070.22, 070.23, 070.32, 070.33,
070.44, 070.54, 070.6, 070.9,
570.x, 571.x, 573.3, 573.4, 573.8,
573.9, V42.7
250.0–250.3, 250.8, 250.9
250.4–250.7

Diabetes with chronic complication

Any malignancy, including lymphoma and
leukemia, except malignant neoplasm of skin

403.01, 403.11, 403.91, 404.02, 404.03,
404.12, 404.13, 404.92, 404.93, 582.x, 583.0–
583.7, 585.x, 586.x, 588.0, V42.0, V45.1,
V56.x
140.x–172.x, 174.x–195.8,
200.x–208.x, 238.6

Moderate or severe liver disease

456.0–456.2, 572.2–572.8

Metastatic solid tumor
AIDS/HIV

196.x–199.x
042.x–044.x

Renal disease

Source: Quan, H., V. Sundararajan, P. Halfon, et al. “Coding Algorithms for Defining
Comorbidities in ICD-9-CM and ICD-10 Administrative Data.” Medical Care 43 (2005): 1130–
39.
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Table 2
Patient Characteristics (N = 1,019)
Characteristic
Age, years
Sex
Male
Female
Nationality
Saudi
Arab non-Saudi
Non-Arab
Discharge type
Alive
In-hospital death
DAMA
Discharge year
2008
2009
2010
Number of diseases
1–2
3–4
5–10
>10

Mean ± SD or No. (%)
49.5 ± 18.7
650 (63.8)
369 (36.2)
826 (81.1)
87 (8.5)
106 (10.4)
901 (88.4)
52 (5.1)
66 (6.5)
295 (29.0)
412 (40.4)
312 (30.6)
248 (24.4)
299 (29.3)
369 (36.2)
103 (10.1)

Abbreviations: DAMA: discharged against medical advice; SD, standard deviation.
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Table 3
Prevalence of Comorbidity by Data Source

Chart Data, No. (%)

Administrative
Data, No. (%)

Difference
(Chart Minus
Administrative)

P-value

Myocardial infarction
Congestive heart failure
Peripheral vascular disease
Cerebrovascular disease
Dementia
Chronic pulmonary disease
Hemiplegia/paraplegia
Rheumatologic disease
Peptic ulcer disease
Diabetes

412 (40.4)
65 (6.4)
8 (0.8)
122 (12.0)
11 (1.1)
127 (12.5)
53 (5.2)
7 (0.7)
30 (2.9)
362 (35.5)

130 (12.8)
57 (5.6)
6 (0.6)
146 (14.3)
10 (0.9)
125 (12.3)
15 (1.5)
17 (1.7)
36 (3.5)
334 (32.8)

27.6
0.8
0.2
–2.3
0.2
0.2
3.7
–1.0
–0.6
2.7

<.001
.32
.48
<.001
.71
.77
<.001
<.001
.22
.01

Diabetes with chronic
complication
Mild liver disease
Moderate liver disease
Renal disease
Any malignancy
Metastatic solid tumor
AIDS/HIV

197 (19.3)
50 (4.9)
17 (1.7)
107 (10.5)
46 (4.5)
12 (1.2)
6 (0.6)

74 (7.3)
9 (0.9)
19 (1.9)
91 (8.9)
41 (4.0)
11 (1.1)
5 (0.5)

12.0
4.0
–0.2
1.6
0.5
0.1
0.1

<.001
<.001
.65
.02
.35
.56
.32

Condition
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Table 4
Measurement of Agreement between Administrative and Chart Data

Condition

Myocardial infarction
Congestive heart failure
Peripheral vascular disease
Cerebrovascular disease
Dementia
Chronic pulmonary disease
Hemiplegia/paraplegia
Rheumatologic disease
Peptic ulcer disease
Diabetes
Diabetes with chronic
complication
Mild liver disease
Moderate liver disease
Renal disease
Any malignancy
Metastatic solid tumor
AIDS/HIV

Kappa
Value

Sensitivity

Specificity

Positive
Predictive Value

Negative
Predictive Value

0.34
0.61
0.42
0.83
0.66
0.78
0.22
0.58
0.62
0.75

30.6
58.5
37.5
93.5
63.6
80.3
15.1
100.0
70.0
80.1

99.3
98.0
99.7
96.4
99.7
97.4
99.3
99.0
98.5
93.3

96.9
66.7
50.0
78.1
70.0
81.6
53.3
41.2
58.3
86.8

67.8
97.2
99.5
99.1
99.6
97.2
95.5
100.0
99.1
89.5

0.34
0.09
0.43
0.75
0.77
0.87
0.91

27.9
6.0
47.1
72.0
73.9
83.3
83.3

97.7
99.4
98.9
98.5
99.3
99.9
100.0

74.3
33.3
42.1
84.6
82.9
90.9
100.0

85.0
95.3
99.1
96.8
98.8
99.8
99.9
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Table 5
Comparison of Kappa Values across Studies

Condition
Myocardial infarction
Congestive heart failure
Peripheral vascular
disease
Cerebrovascular disease
Dementia
Chronic pulmonary
disease
Hemiplegia/paraplegia
Rheumatologic disease
Peptic ulcer disease
Diabetes
Diabetes with chronic
complication
Mild liver disease
Moderate liver disease
Renal disease
Any malignancy
Metastatic solid tumor
AIDS/HIV

This Study
0.34
0.61

Kappa Values
Quan Studya
0.59
0.80

Kieszak Studyb
0.22
0.38

0.42
0.83
0.66

0.34
0.50
0.42

0.22
–
0.26

0.78
0.22
0.58
0.62
0.75

0.72
0.55
0.57
0.63
0.74

0.64
–
0.20
0.12
0.68

0.34
0.09
0.43
0.75
0.77
0.87
0.91

0.58
0.53
0.47
0.49
0.78
0.87
0.78

0.16
–
–
0.29
0.23
0.20
–

Notes: Kappa categories: ≤0.2 (poor agreement); 0.21–0.40 (fair agreement); 0.41–0.60
(moderate agreement); 0.61–0.80 (substantial agreement); 0.81–1.00 (excellent agreement).
Boldface values indicate kappa category higher than other studies.
a
Quan, H., G. A. Parsons, and W. A. Ghali. “Validity of Information on Comorbidity Derived
from ICD-9-CM Administrative Data.” Medical Care 40 (2002): 675–85.
b
Kieszak, S. M., W. D. Flanders, A. S. Kosinski, C. C. Shipp, and H. Karp. “A Comparison of
the Charlson Comorbidity Index Derived from Medical Record Data and Administrative Billing
Data.” Journal of Clinical Epidemiology 52 (1999): 137–42; dash indicates conditions not
studied.

