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ABSTRACT
Objective  To assess the validity of the US Department 
of Health and Human Services (DHHS) definition of 
multimorbidity using International Classification of 
Diseases, ninth edition (ICD-9) codes from administrative 
data.
Design  Cross-sectional comparison of two ICD-9 billing 
code algorithms to data abstracted from medical records.
Setting  Olmsted County, Minnesota, USA.
Participants  An age-stratified and sex-stratified random 
sample of 1509 persons ages 40–84 years old residing in 
Olmsted County on 31 December 2010.
Study measures  Seventeen chronic conditions identified 
by the US DHHS as important in studies of multimorbidity 
were identified through medical record review of each 
participant between 2006 and 2010. ICD-9 administrative 
billing codes corresponding to the 17 conditions were 
extracted using the Rochester Epidemiology Project 
records-linkage system. Persons were classified as having 
each condition using two algorithms: at least one code or 
at least two codes separated by more than 30 days. We 
compared the ICD-9 code algorithms with the diagnoses 
obtained through medical record review to identify persons 
with multimorbidity (defined as ≥2, ≥3 or ≥4 chronic 
conditions).
Results  Use of a single code to define each of the 17 
chronic conditions resulted in sensitivity and positive 
predictive values (PPV) ≥70%, and in specificity and 
negative predictive values (NPV) ≥70% for identifying 
multimorbidity in the overall study population. PPV and 
sensitivity were highest in persons 65–84 years of age, 
whereas NPV and specificity were highest in persons 
40–64 years. The results varied by condition, and by age 
and sex. The use of at least two codes reduced sensitivity, 
but increased specificity.
Conclusions  The use of a single code to identify each 
of the 17 chronic conditions may be a simple and valid 
method to identify persons who meet the DHHS definition 
of multimorbidity in populations with similar demographic, 
socioeconomic, and health care characteristics.

BACKGROUND
Ageing populations, together with improve-
ments in management of chronic condi-
tions, have resulted in increasing numbers of 
persons living with multiple chronic condi-
tions (multimorbidity; defined as the pres-
ence of two or more chronic conditions).1 2 
In the USA, 62% of Medicare recipients ages 
65–74 years live with multimorbidity, and this 
frequency increases to 82% in persons older 
than 85 years.3 Multimorbidity is strongly asso-
ciated with high healthcare costs and adverse 
health outcomes, including poor quality of 
life.4–6 Therefore, studying, preventing and 

Strengths and limitations of this study

►► The two diagnostic algorithms were validated 
against manual medical record review of a repre-
sentative sample of the general population.

►► The records-linkage system includes virtually com-
plete medical record information for code valida-
tion, making it unlikely that chronic conditions were 
missed.

►► The study population is from an upper midwest re-
gion in the USA, and results may differ in popula-
tions with different demographic or socioeconomic 
characteristics.

►► The study population includes data from practices 
in the upper midwest region of the USA, and results 
may differ in practices with different approaches to 
care and to assignment of administrative codes.

►► Only International Classification of Diseases, ninth 
edition (ICD-9) coding algorithms were validated, 
and further research is needed to specifically val-
idate ICD-10 coding algorithms for multimorbidity.
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treating multimorbidity have been declared global health 
priorities.2

Administrative databases are important resources 
for studies of multimorbidity because they may contain 
extensive details on many different chronic conditions 
in large populations. Such databases have been used 
extensively in a wide range of studies on multimorbidity 
throughout the world.3 7–10 However, there is currently a 
lack of consensus worldwide regarding how best to define 
multimorbidity in research studies (number and type of 
conditions).11–16 The prevalence of multimorbidity and 
the outcomes associated with multimorbidity will vary 
depending on the definitions that are chosen. In addi-
tion, several studies have shown that the International 
Classification of Diseases (ICD) codes are highly vari-
able in their ability to correctly capture the presence of 
individual conditions in persons that were assigned these 
codes.17–19 The definition of multimorbidity is dependent 
on the correct identification of a list of individual chronic 
conditions. Therefore, if ICD codes do not correctly iden-
tify individual conditions, use of ICD codes to identify 
multimorbidity may also be problematic.

The US Department of Health and Human Services 
(DHHS) has recommended a list of 20 conditions to 
be used in studies of multimorbidity because they are 
‘chronic, prevalent and are potentially amenable to inter-
vention’.1 Additionally, Goodman and colleagues have 
identified the ICD, ninth edition (ICD-9) codes that map 
to the 20 conditions for use in research studies.1 We have 
previously used two codes separated by more than 30 days 
to identify persons with prevalent chronic conditions to 
reduce the risk of including false positive diagnoses in 
our multimorbidity studies.20 21 By contrast, other inves-
tigators have used a single code to define the conditions 
included in multimorbidity.22 It is not currently known 
whether the use of a single code or of multiple codes is 
best for studies that use the DHHS definition of multi-
morbidity.7 23

To address this gap, we estimated the positive predictive 
value (PPV), negative predictive value (NPV), sensitivity 
and specificity of two algorithms for detecting the condi-
tions included in the DHHS definition of multimorbidity 
(at least one code or at least two codes) using medical 
record reviews as the standard for comparison in a sample 
of persons residing in Olmsted County, Minnesota, USA.

METHODS
Data source
We used the resources of the Rochester Epidemiology 
Project (REP) medical records-linkage system for this 
study.24 Details regarding the REP have been described 
previously.24 25 Briefly, the REP has captured virtually 
complete medical record information for the popula-
tion residing in Olmsted County since 1966.26 The REP 
includes all billing codes assigned to a healthcare visit 
and sent to payers, so the available data are similar to the 
types of administrative data available in insurance claims 

databases. In addition, the full text of the medical records 
from which these codes are derived is also available, and 
these records may be reviewed for further details related 
to chronic diseases.27

Study population
We identified all persons residing in Olmsted County on 
31 December 2010 using the REP census resources.24 We 
then selected an age-stratified and sex-stratified random 
sample of 1600 persons ages 40–84 years for this valida-
tion study. We did not study younger persons because 
previous work indicates that multimorbidity is most 
common in persons 40 years of age and older,20 and the 
sample size needed to validate codes in younger persons 
was beyond the scope of this study. Therefore, persons 
were equally distributed across four age and sex strata: 
women 40–64 years, men 40–64 years, women 65–84 years 
and men 65–84 years. Ninety-one persons were excluded 
from the sample because their medical record review 
indicated that they were not residents of Olmsted County 
on 31 December 2010, resulting in a final sample size of 
1509 persons.

Definition of multimorbidity
As previously described, DHHS has recommended the 
use of 20 conditions for studies of multimorbidity, and 
has identified the ICD-9 codes that map to the 20 condi-
tions for use in research studies.1 For this study, we 
excluded autism, hepatitis and HIV infection because 
these conditions are rare in our population, and our 
sample size was insufficient. The list of the 17 condi-
tions, their acronym or abbreviation, and the corre-
sponding ICD-9 codes used in this study are reported 
in online supplemental table 1. Persons with two or 
more of these 17 conditions were classified as having 
multimorbidity. We also defined multimorbidity as at 
least three and at least four chronic conditions.

Defining multimorbidity using ICD-9 codes
Using the code sets specified by DHHS, we used the 
electronic indexes of the REP to extract all ICD-9 
codes for the 17 chronic conditions of interest between 
1 January 2006 and 31 December 2010 for our study 
sample (online supplemental table 1). We then created 
two ICD-9 code-based algorithms to detect each of the 
17 conditions within the 5-year time frame: (1) at least 
one code for a given diagnosis; or (2) two codes for the 
same diagnosis separated by more than 30 days. Multi-
morbidity was then defined as the presence of ≥2, ≥3 
and ≥4 of the 17 chronic conditions using each of the 
two algorithms.

Medical record abstraction
A trained nurse abstractor with extensive medical 
record review experience in identifying chronic 
diseases reviewed the medical records of the study 
sample. She was kept unaware of the definition of 
multimorbidity based on electronic data extraction. 
All available records and corresponding medical visit 
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information for our study sample from 1 January 2006 
through 1 December 2010 were reviewed to identify 
the presence of the 17 chronic conditions. The nurse 
abstractor recorded the first date on which the person 
had a ‘definite’ diagnosis, a ‘probable diagnosis plus 
treatment’ or a ‘history of’ the diagnosis. A ‘history 
of’ diagnosis was used for a chronic condition that 
first occurred prior to 1 January 2005. A diagnosis was 
considered ‘definite’ if a healthcare provider specifi-
cally noted that the person had the condition in the 
medical record. If a patient did not have a diagnosis 
specifically noted by the provider, but he/she had 
symptoms or laboratory values described and he/she 
was treated for the condition, we considered him/her 
as ‘probable diagnosis plus treatment’. For example, 
a person with elevated blood pressure readings plus a 
prescription for an antihypertensive medication was 
included as ‘probable diagnosis plus treatment’, even 
if the healthcare provider did not specifically note that 
the person had ‘hypertension’ in the medical record.

Finally, any diagnoses that were noted in the medical 
record to be present prior to 1 January 2006 were assigned 

a study date of 31 December 2005 and were considered 
‘history of’ diagnoses. For example, a person with a 
medical record note in 2006 that stated ‘patient had a 
stroke 2 years ago’ was included as ‘history of’ stroke. Our 
final definition of whether a person had the condition of 
interest included persons who had a definite, probable 
plus treatment or history of diagnosis in the 5 years prior 
to 31 December 2010, as ascertained through medical 
record review. Persons with ≥2, ≥3 and ≥4 chronic condi-
tions identified through medical record review were clas-
sified as having multimorbidity.

Analysis
We considered the medical record review definition as 
the reference (gold) standard. We then calculated the 
PPV, NPV, sensitivity and specificity for each of the 17 
conditions and for multimorbidity (≥2, ≥3 and ≥4 chronic 
conditions). We conducted the analyses overall and 
within each age and sex stratum. Overall estimates for the 
total population ages 40–84 years were weighted using 
inverse sampling fractions. We measured validity using 
both sensitivity and specificity, and PPV and NPV. We note 

Table 1  Number and per cent of persons identified with definite, probable plus treatment or history of chronic conditions, and 
of persons with multimorbidity from medical record review (reference or gold standard)

Condition
(acronym or abbreviation)

40–64 years 65–84 years Overall *
Both sexes
n (%)

Women
n (%)

Men
n (%)

Women
n (%)

Men
n (%)

Sample size 375 (100) 371 (100) 383 (100) 380 (100) 1509 (100)

Depression (DEP) 154 (41.1) 84 (22.6) 129 (33.7) 65 (17.1) 432 (49.1)

Diabetes (DIA) 93 (24.8) 139 (37.5) 200 (52.2) 231 (60.8) 663 (59.2)

Hyperlipidaemia (LIP) 167 (44.5) 209 (56.3) 280 (73.1) 307 (80.8) 963 (90.5)

Arthritis (ART) 146 (38.9) 130 (35) 273 (71.3) 253 (66.6) 802 (71.8)

Cancer (CAN) 47 (12.5) 30 (8.1) 118 (30.8) 165 (43.4) 360 (26.9)

Asthma (AST) 64 (17.1) 30 (8.1) 56 (14.6) 27 (7.1) 177 (19.8)

Hypertension (HTN) 89 (23.7) 125 (33.7) 247 (64.5) 237 (62.4) 698 (59.3)

Substance abuse (SUB) 22 (5.9) 52 (14) 15 (3.9) 36 (9.5) 125 (14.3)

Cardiac arrhythmias (ARR) 76 (20.3) 50 (13.5) 145 (37.9) 174 (45.8) 445 (36.8)

Coronary artery disease (CAD) 7 (1.9) 29 (7.8) 62 (16.2) 126 (33.2) 224 (15.1)

Congestive heart failure (CHF) 0 (0) 8 (2.2) 21 (5.5) 29 (7.6) 58 (3.8)

Chronic obstructive pulmonary disease (COPD) 43 (11.5) 30 (8.1) 60 (15.7) 64 (16.8) 197 (18.2)

Chronic kidney disease (CKD) 10 (2.7) 18 (4.9) 52 (13.6) 65 (17.1) 145 (10.4)

Osteoporosis (OST) 12 (3.2) 3 (0.8) 101 (26.4) 13 (3.4) 129 (8.7)

Stroke or transient ischaemic attack (STR) 6 (1.6) 9 (2.4) 28 (7.3) 45 (11.8) 88 (6.1)

Schizophrenia and other psychoses (SZO) 3 (0.8) 6 (1.6) 4 (1) 4 (1.1) 17 (1.8)

Dementia and delirium (DEM) 0 (0) 1 (0.3) 12 (3.1) 14 (3.7) 27 (1.5)

Multimorbidity

 � ≥2 conditions 249 (66.4) 237 (63.9) 354 (92.4) 360 (94.7) 1200 (100)

 � ≥3 conditions 173 (46.1) 160 (43.1) 315 (82.2) 323 (85) 971 (86.6)

 � ≥4 conditions 102 (27.2) 105 (28.3) 266 (69.5) 278 (73.2) 751 (61.3)

*The overall percentages in the total Olmsted County population age 40–84 years reflects the sampling weights.
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that PPV and NPV are determined both by sensitivity and 
specificity of the algorithm and by the frequency of the 
disease (or of multimorbidity) for which the algorithm is 
used.28 Therefore, we also explored the performance of 
the algorithms to detect multimorbidity across age and 
sex groups with different prevalences of multimorbidity by 
plotting sensitivity versus PPV and specificity versus NPV. 
We used the criteria defined by Tonelli and colleagues to 
determine whether the code-based algorithms had high 
validity (PPV and sensitivity ≥70%) or moderate validity 
(PPV ≥70% but sensitivity <70%).23

RESULTS
The proportion of persons with each of the 17 chronic 
conditions of interest based on medical record review is 
shown in table 1. As expected, the proportion of persons 
with each of the conditions varied by age and sex. For 

example, hypertension was most common in women 
65–84 years (65%) and least common in women 40–64 
years (24%; table 1). Multimorbidity (≥2 conditions) was 
most common in men 65–84 years of age (95%) and least 
common in men 40–64 years of age (64%; table 1).

Single conditions
The algorithm requiring at least two codes separated by 
more than 30 days had consistently higher PPVs than the 
one code algorithm for identifying individual conditions 
(figure 1A, closed circles; online supplemental table 2). 
NPVs were higher for the one code algorithm, ranging 
from 78% for arthritis to 99% for dementia and delirium 
(figure 1B, open squares; online supplemental table 2). 
The one code algorithm was consistently more sensi-
tive for detecting each of the 17 conditions of interest 
compared with two codes separated by more than 30 
days (figure 1C, open squares; online supplemental table 
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Figure 1  Positive predictive value (PPV; A), negative predictive value (NPV;B), sensitivity (C) and specificity (D) of two 
International Classification of Diseases, ninth edition (ICD-9) codes separated by >30 days (closed circles) and a single 
ICD-9 code (open squares) for identifying each of the 17 chronic conditions. ARR, cardiac arrhythmias; AST, asthma; ART, 
arthritis; CAD, coronary artery disease; CAN, cancer; CHF, congestive heart failure; CKD, chronic kidney disease; COPD, 
chronic obstructive pulmonary disease; DEM, dementia and delirium; DEP, depression; DIA, diabetes; HTN, hypertension; LIP, 
hyperlipidaemia; OST, osteoporosis; STR, stroke or transient ischaemic attack; SUB, substance abuse; SZO, schizophrenia and 
other psychoses.

https://dx.doi.org/10.1136/bmjopen-2020-042870
https://dx.doi.org/10.1136/bmjopen-2020-042870
https://dx.doi.org/10.1136/bmjopen-2020-042870


5St Sauver JL, et al. BMJ Open 2021;11:e042870. doi:10.1136/bmjopen-2020-042870

Open access

3). The sensitivity of a single code ranged from 57% for 
stroke or transient ischaemic attack to 96% for hyperten-
sion. Finally, two codes separated by more than 30 days 
were more specific than a single code (figure 1D, closed 
circles; online supplemental table 3). However, specificity 
was generally high for all conditions (>90%) with use of 
a single code.

Multimorbidity
PPVs and specificity for the detection of multimorbidity 
were highest when two codes separated by more than 30 
days were used (figure 2 and online supplemental table 
4). By contrast, the sensitivity for detection of multi-
morbidity was highest when a single code definition was 
used (86% for presence of ≥2 conditions and 79% for ≥4 
conditions; figure  2 and online supplemental table 4). 
Similarly, NPVs were highest when a single code was used 
(70% for ≥2 conditions and 87% for ≥4 conditions).

Overall, the use of one code to detect the individual 
conditions had high validity (PPV and sensitivity ≥70%) 
for multimorbidity defined as ≥2 or ≥3 conditions for all 

age and sex strata (figure 3A,B, open symbols). For multi-
morbidity defined as ≥4 conditions, the use of a single 
code had high validity for all age and sex strata except 
men 40–64 years (figure 3C). The ue of a single code had 
moderate validity (PPV ≥70%, but sensitivity <70%) for 
identifying ≥4 conditions in men 40–64 years (figure 3C, 
open blue circle). The use of single codes had NPVs and 
specificity ≥70% in the overall cohort for ≥2, ≥3 and ≥4 
conditions (figure 4A–C, open black triangles). However, 
results varied by age and sex. For example, when defining 
multimorbidity as ≥2 conditions, both specificity and NPV 
were <70% for women 65–84 years (figure 4A, red open 
square). These results indicate that use of a single code 
may incorrectly classify older persons as having multimor-
bidity defined as ≥2 conditions when they do not actually 
have multiple chronic conditions. However, both speci-
ficity and NPV improve when multimorbidity is defined 
as ≥3 or ≥4 conditions (figure  4B,C, open circles and 
squares).
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Figure 2  Positive predictive value (PPV; A), negative predictive value (NPV; B), sensitivity (C) and specificity (D) of two 
International Classification of Diseases, ninth edition (ICD-9) codes separated by >30 days or a single ICD-9 code for identifying 
the presence of multimorbidity. M, men; W, women.
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DISCUSSION
We studied the PPV, NPV, sensitivity and specificity of 
using two ICD-9 code-based algorithms for identifying 
the 17 conditions included in our definition of multimor-
bidity. We found that the use of a single code resulted 
in high validity (sensitivity and PPV ≥70%) for defining 
multimorbidity, regardless of whether multimorbidity was 
defined as the presence of ≥2, ≥3 or ≥4 conditions. In 
addition, use of a single code resulted in high validity in 
the opposite direction (NPV and specificity ≥70%) for the 
overall cohort, but these results varied by age and sex.

Our data are consistent with previous studies that have 
shown high variability in the ability of ICD-based algo-
rithms to accurately identify the presence of a single 
chronic condition.17–19 Specificity and NPV tended to be 
high for all 17 conditions studied, regardless of whether 
a single code or two codes separated by more than 30 
days was used. Using a single code was consistently more 
sensitive than two codes separated by more than 30 days 
across all age and sex strata. Conversely, two codes sepa-
rated by more than 30 days had consistently higher PPVs 
compared with one code. However, none of our code-
based algorithms were able to identify dementia and 

delirium, or stroke and transient ischaemic attack with 
even moderate validity (PPV ≥70%, sensitivity <70%). 
Delirium and stroke are acute events, and both are known 
to be consistently undercoded.29–31

By contrast, we found that the use of a single code to 
identify the individual conditions had high validity (PPV 
≥70%, sensitivity >70%) for identifying persons with 
multimorbidity, regardless of whether multimorbidity 
was defined as ≥2 or ≥3 conditions. These results were 
consistent across all age and sex strata. For multimor-
bidity defined as ≥4 conditions, a single code definition 
had high validity for persons 65–84 years, and for women 
40–64 years. The single code definition had moderate 
validity (PPV ≥70% but sensitivity <70%) for men 40–64 
years. These results indicate that the use of a single code 
for identification of the chronic conditions included in 
multimorbidity was the best of our two algorithms in 
persons 40–84 years of age.

Similarly, a single code had high validity for excluding 
multimorbidity in the overall cohort (NPV ≥70%, speci-
ficity >70%); however, results varied within age and sex 
strata. For example, when multimorbidity was defined as 
≥2 conditions, NPV and specificity were moderate or low 

Figure 3  Positive predictive value (PPV) and sensitivity of two codes separated by >30 days compared with a single code 
definition for identifying persons with ≥2 (A), ≥3 (B) or ≥4 (C) conditions by age and sex. Shapes in the upper right quadrant 
indicate that PPV and sensitivity are both ≥70%.
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for persons 65–84 years. These results suggest that the use 
of a single code algorithm for multimorbidity may incor-
rectly identify some older persons as having multimor-
bidity who do not have ≥2 conditions.

We note that the identification of persons with multi-
morbidity will depend on whether a person has two or 
more conditions from a defined list of possible condi-
tions. Unfortunately, there is no universally accepted list 
of conditions to consider in studies of multimorbidity, 
and definitions of multimorbidity vary widely from study 
to study.11–16 There is therefore an urgent need to iden-
tify a minimum acceptable list of conditions to consider 
in studies of multimorbidity. In particular, it is important 
to understand whether persons who are considered 
multimorbid by one set of chronic conditions are also 
considered multimorbid using a different set of chronic 
conditions. Although we only considered 17 of the 20 
conditions currently defined by the US DHHS for studies 
of multimorbidity, our study conclusions did not differ 
when we considered a smaller list of 10 chronic condi-
tions defined by Drye and colleagues.32 Overall, a smaller 
proportion of persons were identified as having multi-
morbidity (two or more of the 10 conditions). However, 

a single code still yielded the highest NPV (one code: 
80.9%; two codes: 67.4%) and sensitivity (one code: 
76.7%; two codes: 47.6%). Two codes were again the best 
for optimising PPV (one code: 87.5%; two codes: 96.8%) 
and specificity (one code: 90.0%; two codes: 98.6%).

Depending on the study objectives, investigators 
may wish to optimise some parameters over others. For 
example, when it is most important to identify all possible 
cases of multimorbidity, optimisation of sensitivity is 
appropriate (eg, prevalence, incidence or time trends 
studies). By contrast, in studies where more precise 
identification of multimorbidity is needed, optimisation 
of PPV would take priority (eg, case–control or cohort 
studies). Our study provides data to allow investigators to 
choose the implementation of the DHHS multimorbidity 
definition that best suits their study needs. Our study indi-
cates that a single code algorithm for the multimorbidity 
definition proposed by Drye and colleagues would also 
be adequate.32

Strengths of this study included our ability to validate 
the DHHS code sets against manual medical record 
review of a representative sample of the general popu-
lation. In addition, the REP records-linkage system 

Figure 4  Negative predictive value (NPV) and specificity of two codes separated by >30 days compared with a single code 
definition for identifying persons with ≥2 (A), ≥3 (B) or ≥4 (C) conditions by age and sex. Shapes in the upper right quadrant 
indicate that NPV and specificity are both ≥70%.
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provided access to virtually complete medical records for 
this population, and it is unlikely that we missed any of 
the 17 chronic conditions considered. As expected, the 
gold standard estimates of multimorbidity in this popula-
tion were higher than what we have previously observed 
using only billing codes.20 We would expect the number 
of conditions identified by a chart review of clinical notes 
to be higher than the number of conditions identified 
through billing data. Existing conditions may be briefly 
mentioned in a clinical note, but are not always assigned 
a billing code because they are not the focus of the clin-
ical visit. For example, hyperlipidaemia that is controlled 
through statin use may be mentioned briefly in a clinical 
note, but may not receive a code for a visit that is sched-
uled to manage an acute episode of arrhythmia.

Limitations of our study include the fact that we vali-
dated only ICD-9 coding algorithms against medical 
record reviews, and further research is needed to specif-
ically validate ICD-10 coding algorithms for multimor-
bidity. However, Quan and colleagues have found that 
ICD-9 and ICD-10 algorithms identified a similar propor-
tion of persons with the comorbidities included in the 
Charlson and Elixhauser indexes using single codes from 
comparable code sets. These findings suggest that similar 
algorithms may work across both coding systems.17

Second, we included ‘history of’ conditions in our gold 
standard definition because we expected that most of 
the conditions considered in this study were unlikely to 
resolve. However, including ‘history of’ a condition may 
result in over-identification of prevalent cases, particu-
larly for conditions that may become asymptomatic (eg, a 
previous stroke or cancer episode). To address this ques-
tion, we examined the number of ‘history of’ chronic 
conditions that were not accompanied by a current treat-
ment specific for that condition in our study population. 
Although the number of cases that might be excluded 
varied depending on the condition, for 15 of the condi-
tions, <5% of the cases would have been excluded. Only 
history of hyperlipidaemia (7.6%) and history of arthritis 
(9.3%) had slightly more cases that did not include a 
current treatment for these conditions. Because the ICD-9 
billing codes are less likely to capture historic events that 
have become asymptomatic, we expect that the exclusion 
of these cases from our gold standard definition would 
result in better sensitivity and PPV values. Therefore, our 
current results represent conservative estimates.

The data used in our study are from a limited number 
of healthcare providers in a single county of southern 
Minnesota, USA. Variability of coding practices in other 
institutions, in other regions of the USA, and in other 
countries may result in variation in the PPV, NPV, sensi-
tivity and specificity of these DHHS code algorithms for 
identifying multimorbidity. Finally, our study popula-
tion only included persons 40–84 years of age, and we 
observed variability in our measures by age and sex. PPV 
and sensitivity were highest in persons 65–84 years of 
age, whereas NPV and specificity were highest in persons 
40–64 years. Because all of the conditions included in the 

DHHS definition of multimorbidity are less prevalent in 
persons younger than 40 years, we expect that PPV and 
sensitivity would be lower, but that NPV and specificity 
would be higher.

We also note that women and older persons are more 
likely to visit their doctors, and more frequent visits may 
result in better documentation of health conditions in the 
medical record, and in a higher likelihood of receiving a 
billing code for any given condition. In our study popu-
lation, both men and women 65–84 years had a median 
of 49 healthcare visits between 2006 and 2010 (IQR 28, 
83 for men; IQR 32, 84 for women). By contrast, women 
40–64 years had a median of 37 visits (IQR: 21, 57), and 
men had a median of 20 visits (IQR: 10, 35) in the same 
time frame. These differences in healthcare utilisation 
may account for some of the differences in validity that 
we observed across age and sex. In particular, sensitivity 
of codes was best for older persons. Therefore, our results 
may not apply to younger populations, or to popula-
tions with different socioeconomic characteristics. Social 
determinants of health may affect the use of healthcare 
services, the likelihood of diagnosis and the assignment 
of billing codes. In addition, differences across countries 
may limit the generalisability of these data to populations 
with other healthcare systems (eg, USA vs Canada).

CONCLUSIONS
The ability of a single ICD-9 code algorithm to accurately 
identify 17 chronic conditions in the general population 
varied by condition, and by age and sex. However, the use 
of a single ICD-9 code for each condition had high validity 
(high sensitivity, PPV, specificity and NPV) for identifying 
persons with multimorbidity in this population. There-
fore, the use of a single code algorithm may represent the 
simplest way to identify persons with multimorbidity in 
studies that use the multimorbidity definition proposed 
by DHHS, and in populations with similar demographic, 
socioeconomic, and health care characteristics.
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