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ABSTRACT

Introduction: FEstimating the burden of lower
respiratory tract infections (LRTIs) increasingly
relies on administrative databases using Inter-
national Classification of Diseases (ICD) codes,
but no standard methodology exists. We defined
best practices for ICD-based algorithms that esti-
mate LRTI incidence in adults.

Methods: We conducted a systematic review
of validation studies assessing the use of ICD
code-based algorithms to identify hospitalized
LRTIs in adults, published in Medline, EMBASE,

Supplementary Information The online version
contains supplementary material available at
https://doi.org/10.1007/s40121-024-00949-8.

G. Hanquet - I. Septlveda-Pachén - S. Menon
P95 Epidemiology and Pharmacovigilance, Koning
Leopold III Laan 1, 3001 Louvain, Belgium

C. Theilacker
Pfizer Inc., Linkstrasse 10, 10785 Berlin, Germany

J. Vietri - B. Gessner
Pfizer Inc., 500 Arcola Rd, Collegeville, PA 19426,
USA

E. Begier (<)

Scientific Affairs, Older Adult RSV Vaccine Program,
Global Medical Development Scientific and Clinical
Affairs, Pfizer Vaccines, Pfizer Inc., 9 Riverwalk,
Citywest Business Campus, Dublin 24, Dublin,
Ireland

e-mail: Elizabeth.Begier@pfizer.com

and LILACS between January 1996 and Janu-
ary 2022, according to PRISMA guidelines. We
assessed sensitivity, specificity, and other accu-
racy measures of different algorithms.

Results: We included 26 publications that
used a variety of ICD code-based algorithms
and gold standard criteria, and 18 reported sen-
sitivity and/or specificity. Sensitivity was below
80% in 72% (38/53) of algorithms and specific-
ity exceeded 90% in 77% (37/48). Algorithms
for all-cause LRTI (n=18) that included only
pneumonia codes in primary position (n=3) had
specificity greater than 90% but low sensitivity
(55-72%). Sensitivity increased by 5-15%, with
minimal loss in specificity, with the addition of
primary codes for severe pneumonia (e.g. sepsis)
while pneumonia codes were in secondary posi-
tion, and by 13% with codes from LRTI-related
infections (e.g. viral) or other respiratory dis-
eases (e.g. empyema). Sensitivity increased by
8% when pneumonia codes were in any posi-
tion, but specificity was not reported. In hos-
pital-acquired pneumonia and pneumococcal-
specific pneumonia, algorithms containing only
nosocomial- or pathogen-specific ICD codes had
poor sensitivity, which improved when broader
pneumonia codes were added, in particular
codes for unspecified organisms.

Conclusion: Our systematic review highlights
that most ICD code-based algorithms are rela-
tively specific, but miss a substantial number
of hospitalized LRTI adult cases. Best practices
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to estimate LRTI incidence in this population
include the use of all pneumonia ICD codes for
any LRTI outcome and, to a lesser extent, those
for other LRTI-related infections or respiratory
diseases.
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Incidence; Lower respiratory tract infection;
Pneumonia; Sensitivity; Specificity; Systematic
review; Validation

Lower respiratory tract infection (LRTI)
burden estimates increasingly rely on admin-
istrative databases using International Clas-
sification of Diseases (ICD) codes, but no
standard methodology exists.

Our systematic review of validation studies
showed that most ICD code-based algorithms
miss a substantial number of hospitalized
LRTI cases in adults, whether community- or
hospital-acquired cases.

ICD-based algorithms containing only
nosocomial- or pathogen-specific ICD codes
to identify hospital-acquired and pneumo-
coccal pneumonia have poor sensitivity.

ICD-based algorithms should include all
pneumonia ICD codes, in particular those
for unspecified organisms, to estimate the
incidence of all-cause hospitalized LRTI and
hospital-acquired pneumonia in adults.

INTRODUCTION

Lower respiratory tract infections (LRTIs) are
among the top five leading causes of morbid-
ity and mortality worldwide. The most frequent
LRTIs are community-acquired pneumonia
(CAP) and hospital-acquired pneumonia (HAP),
which differ in etiology, treatment, and mortal-
ity [1, 2]. Pneumonia signs and symptoms vary
while diagnostic tests, including chest X-ray, are

non-specific, making clinical diagnosis challeng-
ing particularly in adults [3]. The identification
of pneumonia cases is even more complex in
studies based on real-world databases. LRTIs can
be caused by a variety of viral, bacterial, and fun-
gal etiologies. However, in a high proportion of
LRTI no pathogen is detected (e.g. up to 62%
of hospitalized adult CAP cases) [4], usually
because of limitations of traditional microbio-
logical methods such as blood and sputum cul-
tures, prior antibiotic use, and single specimen
testing [5-7].

Estimating LRTI incidence is a cornerstone
in assessing the epidemiologic burden of dis-
ease and, subsequently, the potential impact
of vaccination programs targeting respiratory
pathogens. The most reliable incidence data are
generated by population-based cohort studies
following patients with LRTI in a clearly defined
population and using clinical records for case
identification. Although such designs remain
the gold standard in assessing epidemiological
trends of LRTI, they are time-consuming and dif-
ficult to generalize across clinical settings. As an
alternative, epidemiological studies increasingly
rely on administrative databases based on Inter-
national Classification of Diseases (ICD) codes,
which are used primarily for administrative or
financial purposes, such as hospital financing.
However, study methodologies vary, and their
validity to identify LRTI cases and, therefore, to
estimate LRTI burden in general, and CAP and
HAP in particular, are largely unknown. Fur-
thermore, existing literature on the LRTI buz-
den focuses primarily on children rather than
among adults.

To address this gap, we conducted a system-
atic review to summarize the accuracy of ICD
code-based algorithms for identifying commu-
nity and hospital-acquired LRTI cases and pro-
pose best practices for such analyses.

METHODS

The study protocol was registered on PROS-
PERO (International Prospective Register of
Systematic Reviews) with registration num-
ber CRD42022299634. This article is based on
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previously conducted studies and does not con-
tain any new studies with human participants or
animals performed by any of the authors.

Study Selection and Data Extraction

A systematic search was conducted in Medline,
EMBASE, and LILACS databases for studies pub-
lished between January 1996 and January 2022
that validated the use of ICD code-based algo-
rithms for the identification of hospitalized
LRTIs (including CAP) in adults>18 years of
age. Studies specific to COVID-19-related LRTIs
were excluded. Details of the selection process,
inclusion and exclusion criteria, as well as the
search strategy are provided in Tables S1 and
S2. The selection of studies was carried out in
two stages. First, title and abstract screening
was performed by two reviewers, and discrep-
ancies were resolved by a third reviewer. Full-
text screening was conducted by one reviewer
and 10% of non-selected articles were checked
by a second reviewer. Hand searching was per-
formed for the references of included articles
and previous SLRs identified, and grey literature
was searched on OpenGrey [8]. Besides study
and algorithm characteristics, we extracted the
following validation measures: sensitivity, speci-
ficity, positive predictive value (PPV), negative
predictive value (NPV), and positive/negative
likelihood ratio (LR+and LR-), when available.
When LRs were not available, they were calcu-
lated as follows: LR+=sensitivity/(1 —specificity)
and LR-=(1-sensitivity)/specificity. The risk of
bias was assessed using the Quality Assessment
of Diagnostic Accuracy Studies 2 (QUADAS-2)
[9], which was tailored to the review. Table S3
outlines the components of each domain.

Data Analysis

Data from each study were summarized descrip-
tively, by main outcome. When validation meas-
ures were not provided and numbers were avail-
able, we calculated the missing indicators, in
particular LR+and LR-. Pooled analysis was not
considered because we sought to establish best
practices for this type of analysis rather than
quantify incidence.

Best Practices

The identification of best practices for establish-
ing ICD-based algorithms to estimate hospital-
ized LRTI incidence was based on the sensitivity,
specificity, LR+, and LR- of the algorithms, and
not on predictive values to avoid biased statis-
tics from varying disease prevalence [10]. We
compared values from studies testing different
algorithms and retrieved information from the
discussion sections of included papers to collect
lessons learned regarding ICD algorithms from
individual studies to derive best practices.

RESULTS

Study Description

Our database search identified 1697 unique ref-
erences and 838 studies via hand searching, of
which 26 studies were eligible and contributed
to the final analysis (Fig. 1). These were con-
ducted in ten high-income countries (Table 1),
including 14 (56%) from the USA [11-24]. Six
(23%) studies included a separate analysis for
patients with comorbidities [14, 18, 22, 23, 25,
26], including chronic obstructive pulmonary
disease and immune suppression. Overall, 24
studies reported on all-cause LRTI, including 17
on any or community-acquired LRTI (two on
LRTI only, five on any pneumonia, nine on CAP,
and one on empyema) [11, 12, 14-16, 18-22,
25, 27-32] and seven on HAP [23, 24, 26, 33-36]
(Table S4). Three studies involved pathogen-spe-
cific LRTI (one covered both, Table 3) [13, 17,
32].

Among the 53 algorithms, the reference
standards used to confirm LRTI were based on
either the review of medical files (63% of algo-
rithms), including clinical, laboratory and/or
radiological data, or on the diagnosis established
by the treating physician (Table S4). Ten studies
used reference standards based on explicit clini-
cal criteria.

Overall, 22 of the 26 included studies were
graded as having a risk of bias: 16 had one
uncertainty, and 11 had one high risk of bias in
at least one domain (see Table S5 and Fig. S1).
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Fig. 1 PRISMA diagram

Characteristics and Accuracy of ICD
Algorithms

The algorithms included ICD-9 (n=17 studies)
or ICD-10 codes (n=9), alone or in combina-
tion with additional criteria, such as length of
stay (n=2) or free text search (n=2) such as
natural language processing. All studies, except
three HAP studies, included ICD codes from the
“classical” Pneumonia and influenza ICD group
(ICD-9 480-488 or ICD-10 J10-J18), named
here classical pneumonia codes. These were the
only codes in seven studies, while ten studies
included codes for pneumonia due to specific
pathogens (ICD-9 001-139 or ICD-10 from A
and B groups) and/or other respiratory codes
(other codes from ICD-9 460-519 codes or ICD-
10 J group than those of pneumonia above).
Some algorithms included (n=7, five CAP and
two HAP studies) or excluded (n=2 CAP stud-
ies) “Aspiration pneumonia” codes (ICD-9 507
or ICD-10 J69). Pneumonia classical codes were
required to be in primary position only (n=7),
in any position (n=12), or position not stated

(n=4). Three studies added codes of disease
severity (e.g. respiratory failure and sepsis) in
primary position when pneumonia codes were
in secondary position. HAP studies included
additional criteria such as specific codes for
nosocomial infection and/or pneumonia codes
not present at admission, see below.

Among the 26 studies, eight reported only
PPV and/or NPV and were excluded from the
analysis on algorithm performance (see “Meth-
ods”), and data are in Table S6. The remaining
18 studies reported sensitivity and/or specific-
ity and the performances of their algorithms
are described below by clinical outcome. These
include 16 studies on all-cause LRTI (six on
HAP only) and two on pathogen-specific LRTI.

Any or Community-Acquired LRTI, All
Causes

Among the ten studies on non-HAP all-cause
LRTI (i.e. excluding those focusing on only
HAP), two, three, and five studies involved
any LRTI, any pneumonia, and any CAP
respectively (Table 1). The 18 algorithms
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did not differ across outcomes and included
either ICD-9 (n=15) or ICD-10 (n=3) codes.
Sensitivity was at least 80% in around 10/18
of the algorithms reporting it, while specific-
ity was above 90% in 9/16 of them. LR+was
high in three-quarters of the algorithms (13/17,
LR+2>5) and LR- was low in one-third of them
(6/17, £0.20).

The three algorithms based on classical pneu-
monia codes in primary position only (includ-
ing or not aspiration pneumonia) yielded a low
sensitivity (range 55-72%) and high specific-
ity (>93%), with varying LR+and LR- [11, 21,
32]. Sensitivity increased with minimal loss in
specificity in algorithms that included codes of
pneumonia severity (sepsis or respiratory failure)
in the primary position when pneumonia was
in a secondary position, by 15% compared to
the above algorithm [11], and by 5% compared
to the above algorithm combined with codes
for other pathogens and respiratory codes [135].
Sensitivity increased by 13% when infection or
other respiratory codes (such as empyema, pleu-
risy, or lung abscess) were added to pneumonia
codes in primary position only, while specificity
remained high [11]. In the four algorithms with
pneumonia ICD codes in any position, sensitiv-
ity (57-98%), specificity (62-97%), LR+ (2-32),
and LR- (0.02-0.46) varied [27-29, 32]; and no
major change was observed when other infec-
tion or respiratory codes were added [27]. Sen-
sitivity (85-89%) was high and LR- was below
0.2 when text search (text mining or natural lan-
guage processing) was added to ICD codes, while
specificity (78-98%) and LR+ varied [19, 31].
More complex algorithms, using predictors iden-
tified through analysis (such as length of hos-
pital stay), reached a high sensitivity (81-89%)
and lower LR- (around 0.2) but a lower specific-
ity (63-82%) and LR+ (2-5) [21].

The influence of the reference standard used
for case confirmation has been illustrated in
one study, in which confirmation by radiologi-
cal data only led to a drop in both sensitivity
(from 98% to 89%) and specificity (from 97%
to 62%) compared to chart reviews of medi-
cal files for the same algorithm [29]. The type
of patients also had an impact on the perfor-
mance values of algorithms when different
groups were included, with higher sensitivity

and lower specificity in older adults (=65 years)
compared to younger adults (18-64 years) [21,
29], and higher sensitivity in hospitalized
patients compared to those seen at emergency
departments [19].

Hospital-Acquired Pneumonia, All Causes

Among the six studies (nine algorithms) on
HAP (Table 2), five involved any HAP (two with
ICD-9 and three with ICD-10) and one based
on ICD-9 included ventilator-associated pneu-
monia (VAP) only [23, 24, 26, 33-35]. Six algo-
rithms included specific ICD codes for HAP or
VAP [24, 34, 35], and five included classical
pneumonia codes (without HAP-specific codes
in three algorithms) [23, 24, 26, 33]. All nine
algorithms had ICD codes in secondary or any
position (or not stated), and six required the ICD
codes to be not present on admission [24, 26,
34]. The three algorithms that used HAP/CAP
codes alone with the present on admission crite-
ria presented a very low sensitivity (£25%), high
specificity (298%), high LR+ (range 83-233) and
poor LR- (0.75-0.77) [24, 34]. When classical
pneumonia codes were added to the specific
VAP code and present on admission criteria,
sensitivity increased to 61% and LR- improved
(0.42-0.47) while specificity slightly declined
(83-93%) and LR+dropped to 4-9 [24]. The three
algorithms including only classical pneumonia
codes displayed a higher sensitivity (35-100%)
than specific HAP/VAP codes, high specific-
ity (99-100%), high LR+ (44-333) and varying
LR- (0.00-0.65) [23, 26, 33]. Algorithms showed
similar performance in patients with continuous
invasive mechanical ventilation as in the total
patient population [24].

Pathogen-Specific LRTI

All three studies assessing pathogen-specific LRTI
included pneumococcal pneumonia, one study
covered ten other pathogens [13], and they
included 26 different algorithms (Table 3), after
excluding data for which the reference standard
included possible or probable cases [17]. Path-
ogen-specific ICD-9 codes were included in all

A\ Adis



Infect Dis Ther

uonisod
Lue ‘uiuio ferwososou

eI DD (uors19A UTLE
01 Surprosse -195)'00°69) pue UoISSTWpE Uo (s102
100 €€T 001 €T MITADIT ATRYD) ON ON ON dVH 1039po)  1uasaid 30u $5p0od 0T-qD]1 51894 69 2 ‘ssee[) Auewnnon
(uontuysp
SOITIH—9q¥[
pue %woﬁo%ﬁ ‘e (00'69N) (8107 ._uwb@
w0 %9 86 65 -TUI) MI1AdI 1IRYD) ON ON ON JdVH 10§ 2poD) JdVH 10§ 9pod 0T-ADI ST QT2 -SUDJ[OA ) PUR[IDZIIMG
(e3ep
£107810qR] pUE w21s£s £101 $9p02 dy12ads
[es13o[orpes ‘ed -exrdsax 01 pasepax eruownoud UOISSIWPE U0 SOIIPIGIOWOd (8002
850 B 66 €F  -TUID) MMAD1 ITRYD) SUONDAPE DI [EHI2IOBq PUE [EIIA 8T-01[ 2udsard 30usop0od OT-(qD]  PaXIW Yam s1ek 9T < ‘ySenoezy) Luewon)
01-adI
parepar
-eruowndud
Surpooar paypadsun 1ay10 payads Awodaystp requing
000 cg¢ 001 001  Sumsn maraax arey) pue ewakdwo ‘sag ON (£0S) $3% L8%—08% 10u vontsod ‘G-(ID] AR M sIEAA QT T (ZOOT ‘OUrWOy) VSN
parepar sIso[ndIaqNI
-eruowndud pue eruownoud
Surpodar paymadsun 1ay10 snrsered ‘eSung ®ZUSNJUT INO (9103
590 8< 66 ¢¢  Sursn momaar ey pue ewokdwd Soy  [erIA [eLIaIdEq ‘SaK (LOS)$3X  -Yam ‘985—08% dn) wonrsod Lue ‘6-qD1 sk g1z (00T ‘uen) epeue))
6-ddI
eruownaud parmboe-resrdsoy Auy
(s9po> eruownoud
woshs L1o3errdsar 30U axe 3eYR) $IpOd eruournsud $apod Luonisod
-1 +a1 (%) ds (%) 3S  pIepuess 2oud1JY JO $9p0d PO UOIHUL DY uonexdsy eruowndug Surpoo pue ungaoSy uonedod yusneg (Apmas) K13uno)y

synpe ut eruownoud parmboe-feardsoy Ajnuspr 01 sunaro[e (1] JO SIINSEIUT UOMEPI[EA PUE SINSLINDEILYD) T I[qEL,

/)

A Ad

18



Infect Dis Ther

$9p0d parepI-eruownaud 19120 01 sawmawos nq < uonisod sopod eruowmoud edIsseD), 01 $IsED Is0W UT 03 19§21 uonisod SurpoD,

Kpyads dg

ITAIITSUIS 2§ “UOTIDIJUT 30e1) £103e11dST T0MO] [ 7377 9A1EZOU OTIET POOYI[PNI] —7 @ATIS0d OneI POOYI[IYI] +)77 Sa5EASI(T JO UOMEIYISSE[) [EUOMEUINU] (JD] BIU
-ownoud paxmboe-feardsoy g7 ooueroans y3noya joxauo) wondayuy 10§ Jury adoing ut s[eardso] §H7 7 ‘UOIUAdI] PUE [01IUOY) a5eaSI(] 10§ SINUID) H(T)D)

(¥8%)

uauﬂgummv 10@

(papuedxa)
EOmmm_Eﬁd uo ucvmuh& jou
‘eruowndud pajerosse

uon
vm—muﬁvxw ANUM:NJUUE

DU=m~ vmwmdﬂu wvwmuw:U
-[rains [eardsoy eruowndud STI01D2§UI INO -10IE[IIUDA + SIPOD JAISEAUT SNONUTIUOD
%0 4 [ 19 £q paugop sy PIIRIIOSSE-I0IE[IIUIA OoN ON “JIM /L85 -08% sisoudeIp (¢ 6-ADI yarm s1eak @1 2
(paornsax) uon
uUﬂ:J EOMMm_Eﬁd uo uCUmUhm jou .ﬁ—_u=0> AHUMGNF—UOE
-[roans Teardsoy eruownaud ‘eruowndud pajerosse DAISEAUT SNONUTIUOD
9.0 1T 66 <4 Aq pauyop sy paTeIoOsse-101E[IIUIA ON ON SuoN -103E[UAA 10§ 6-(D] yum s1eak g1 2
(¥8%) (papuedxo)
uhuﬂmngmv .Tv—u“ :Oumwmsﬁud uo uﬂvmvh& jou
aoue| -ISSB[D SISEISIP eruownaud parerdosse
\ﬁu\ruﬂm ﬂmuﬁmwcﬂ NmGOE.:u:m mﬁomuov.w:_ mo \uOuN—muGUNV + mﬁvaU
w0 6 €6 19 £q pougop sy PIIBIDOSSE-IOIE[IIUIA ON ON -yum L8H—-08% sisouSerp (¢ 6-qDI s1ek QT
(pa3o13sa1) UOISSTWPE
aoue| uo udsaxd ou Krewnxd
-[roains [eardsoy eruownadud ‘eruowndud pajerdosse
SL0 €8 001 <z Aq paugop sy paTeIoosse-101e[1IUIA ON ON SuoN -103e[1IUdA 10§ 6-(AD] s1eak 8T 2 (€107 sseD) VSN
6-ddI
.N_QOE.:M:& ﬁUHNMUOWWN\hOHn—ﬁ:D\/
(sapo> eruowmaud
woshs L103eardsar 30U A€ 3eYR) $IPOd> eruowndud $3pod Luonisod
-1 +47T (%) ds (%) 2S Ppaepueis 2oudI§oY JO s3pod 1BYIQ uondPUI BYIO uonexdsy eruowrnau g Surpoo pue ungaoSy uonendod jusneq (pmas) £n3uno)

panunuod 7 I[qe],

A\ Adis



Infect Dis Ther

algorithms, in primary (n=3 algorithms), in pri-
mary or secondary with severity codes (n=12),
or any (n=11) position. Sepsis or bacteremia
general codes were added in 16 algorithms. The
reference standard was based on laboratory tests,
with or without clinical and radiological criteria.
The performance of algorithms varied across
specific pathogens [13], with sensitivity ranging
from 14% for parainfluenza to 96% for influenza
and specificity being always high (298%). In the
three studies involving pneumococcal pneumo-
nia, sensitivity of the pneumococcal-specific
code (ICD-9 481) alone was low to moderate
(35-58%), while specificity was high (98-99%).
In one study, sensitivity was 45% when the
pneumococcal pneumonia code was in primary
position and 58% when it was in any position.
In the same study, sensitivity increased from
58% to 89% when the codes for pneumonia
from organism unspecified were added (ICD-9
485-486, any position) [17]. However, specific-
ity declined in the latter, from 98% to 45%. The
addition of the acute respiratory failure code
(518.81) did not improve performance [17].

Best Practices Learned from Included Studies

Distinguishing Community-Acquired
from Hospital-Acquired Pneumonia

In the included studies, the distinction between
CAP and HAP cases was performed in the inclu-
sion of pneumonia-suspected cases, in the algo-
rithms applied to these, and/or in the reference
standard. In all 26 studies, including those not
providing sensitivity and specificity, the case
definitions for the inclusion of suspected HAP
or CAP frequently included a time threshold,
i.e. diagnosis or medical information being
obtained or reported within or after 24 or 48 h
after hospital admission. At the algorithm level,
seven of the nine CAP studies (10 algorithms)
included codes (pneumonia, or severity codes—
with pneumonia as secondary) in primary posi-
tion only [15, 16, 18-21, 32]. Other criteria to
exclude HAP were antibiotic prescription within

72 h after admission [22], and the exclusion of
patients with major trauma or elective surgery
[15]. In HAP studies, the algorithm criteria most
frequently used to exclude CAP are pneumonia
ICD codes in secondary or in any position and/
or not present on admission [24, 26, 34-36], and
the use of specific HAP codes, such as U69.00
(elsewhere classified, hospital-acquired pneumo-
nia) [34, 35], and 997.31 for VAP [24, 33, 36].
However, the performance of the differentiating
criteria has not been evaluated.

Algorithms Including Code Position

In the five non-HAP LRTI studies comparing the
sensitivity and/or specificity of algorithms [11,
15, 19, 21, 32], adding primary codes of pneu-
monia severity (sepsis or respiratory failure)
when pneumonia was in secondary position or
adding other respiratory codes to classical pneu-
monia codes improved sensitivity with minimal
losses in specificity [11, 15]. The benefit of using
pneumonia codes in primary or any position is
not clear for CAP: sensitivity slightly improved
in one study but other accuracy measures were
not available [32], and another study made addi-
tional changes than coding position [11]. Add-
ing text search in the medical file, such as natu-
ral language processing, doubled the sensitivity
relative to classical pneumonia codes alone in
one study, with limited impact on specificity
[19]. The benefit of adding or excluding the aspi-
ration pneumonia code is also unclear, as stud-
ies applied other changes in algorithms [11, 21].
The comparison of performance between ICD-9
and ICD-10 versions is not available.

In the single HAP study comparing algo-
rithms, adding classical pneumonia codes
improved the poor sensitivity of specific HAP
code, with an ensuing slight decrease in speci-
ficity [24]. In the pathogen-specific CAP stud-
ies, including any position and adding other
pneumonia codes to pathogen-specific codes
increased sensitivity [17, 32], but specificity
declined when codes for organism unspecified
were included [17].

A\ Adis



Infect Dis Ther

60 00T ¥ rzuOnjuIEIT T08%
80 00T ¥ ASY 1°08%
00 L8 66 96 rzuanyul X'38% X'L8
0 ¥8L 00T 8L vjpuo ] $8'C8%
oviuout
€0 89T 001 ¥ -noud vusvdortyy €8y
90 8¢y 00T (374 avzuamfus F Ty
ot

90 LSE 00T 9¢ -noud vjjarsqapy -~
80 00T LT o q 88y
S0 9¢1 00T Ly SPUOUOpNISy 18y

a3reyosip

yo oL 66 00 ovmownsnd ogTgy gy hwwndu

‘uadnue reunn sisdas 10 YV

8 66 6 omand Kxozend DYV ‘parepr wrey P £xepuodas

SHAUNY G IATY -$21 10 poo[q) -eruownoud pay $OPOd TIWDII MO Krewnd (0z0t
w1 001 4l -ISUIS-UT][IDIYIAA eep 1ojeroqe]  -1adsun 1oypo 9y -deq pue sisdos ‘sax oN 1378% ul $3pod -1 s1eaf g1 2 su3SH) vsn
BIUOWNDUJ
(sapo> eruoumnaud
wsks K1o3errdssr  30u dxe 3EYR) $9pOd eruownosud sapo>  ,uonisod Surpo>
+I71 (%) ds (%) 2S uwfoyreg  pIrepuels dudIFY JO sapod 1Y uondPYUI BYIQ uonexdsy BrUOurnauJ pue wpody uonemdog (Apmas) £n3uno)

sanpe ur Jy0) syads-uaoyred £ynuapr 01 sunarod[e (D] JO SINSLIUW UONEPI[EA PUE SINSLINLIEYD) € I[qE],

A\ Adis

/



Infect Dis Ther

$9p0d parepI-eruownaud 19120 01 sawmnawos nq < uonisod sopod eruowmoud edIsse[D), 01 $ISED Is0W UT 03 s19J21 uonisod Surpo)),

Kyads dg Larantsuos og ‘snaia [endouds L1oendsar g gy ‘uonoear ureyd asexowi[od y ) g oanedou
oneI POOYIaYI] —y7 @AnIsod Ol POOYI[IYI] +y'7 ‘UOHEIYIPOW [edIUI[d JA77) SISEISI(J JO UONdYIsse[D) [euoneuIanu] (77 (18'81S) dinyrej L103e11dsar aanoe 775~

paymadsun wst

¢9  -ueSio ‘eruowmsug (s ON OoN ON 985-S8%
udnue
wﬁumﬁuumw Lreurm ‘poorq aBreyostp
WISTUESI10 D0 pue wninds o pue uorsstwpe
81 M BIIOWIRUD o) vawp K100 °N °N N X'¢8¥ X8y A1epuodas 10 (L00T
- -eI0qEe| put [€d Arewnd ur OpIec) op uep )
s¢ avounoud s -13ojo1per ‘esrur ) °N °N °N 187 $9p0d G-I s1ek QT < SPURIIOYIIN
0098%
0 < 1S4 68 ERLADN ON  ‘0€78%00'18%
0 0T 96 8 w1V SK ON 0€728% ‘00'18%
T0 |14 9 18 DN vruondas ON  0€78% 00187
[e220203doms pue
0 <4 16 /L ON  [edd020umaud ‘sax ON 00'18%
eruwaondss uonisod ¢—T ur
0 ST L6 9 ON  [e2r020wmaud ‘s ON 00'18% $2PO> ND-6-ADI
uonisod ¢—1 ur
81 0 8% 4 ON ON ON PO ND-6-ADI
uonisod 3515 Ut
9T 0 1SS 1T ON ON ON 987  dPO>ND-6-ADI
uonisod ¢—1 ur
60 11 66 11 ON N N dPO2 ND-6-ADI
Arewnxd ur
60 8 66 L ON N ON €T8Y PO ND-6-ADI
(pmp uonisod ¢—1 ur
70 €C 86 86 eanaid 10 poofq) oN ON ON P02 ND-6-ADI
eaep £1018I0qE]
pue [e13ojorpes Lrewnid ur (6661
90 1T 86 154 wmmounsud g ‘eaTp [EdIUID) ON ON ON 187 2PO> ND-6-ADI steak g1 2 ‘eIeAdND)) VSN
eruownaud parmboe-Lirunwwor)
(s9po> eruownsud
wsks L1oexrdssx  30u dxe 38YR) $9pOd eruownosud sapo>  ,uonisod Surpo>
41 T (%) ds (%) S uoSoyieg prepuels 2>udIYY JO $9p0d YO uondIUI YO uonexndsy eruowWndUJ pue wyanoSy uonemdog (Apmas) K13uno)y

ponunuod € 9Iqe],

A\ Adis



Infect Dis Ther

DISCUSSION

In this systematic review of 26 validation stud-
ies, we found that the sensitivity of ICD code-
based algorithms for identifying LRTI cases
among hospitalized adults was below 80% in
two-thirds of studies, while specificity exceeded
90% in the majority. For all-cause LRTI stud-
ies, algorithms that included only pneumonia
codes in primary position had a particular low
sensitivity, which increased (with minimal loss
in specificity) with the addition of codes for
severe pneumonia, other LRTI-related infections,
other respiratory diseases and free text search.
The influence of coding position on sensitivity
and specificity was unclear because algorithms

differed in other characteristics that may have
confounded this analysis. In HAP and pneu-
mococcal-specific pneumonia, algorithms con-
taining only nosocomial-specific or pathogen-
specific ICD codes had poor sensitivity, which
improved when broader pneumonia codes were
added, in particular codes for unspecified organ-
isms. The comparison of algorithms perfor-
mance allowed us to derive some best practices
that are summarized in Table 4.

Our review found that a majority of ICD-
based algorithms reached a low sensitivity to
identify LRTI cases among hospitalized adults.
This finding is in line with two previous system-
atic reviews on hospitalized pneumonia, includ-
ing one published during our review process
[10], and one on hospital-acquired infections

Table 4 Summary of best practices for ICD-based algorithm to estimate the incidence of inpatient LRTT in adults, per clini-

cal syndrome

Best practices

Evidence

Do not use specific ICD codes to determine incidence rates of:

e Pneumococcal LRTI

e Hospital-acquired pneumonia

Include pneumonia codes ICD-9 480-488 or ICD-10]J10-18 in primary or

any position:

o Patients with severe pneumonia and underlying diseases will be better

captured when pneumonia codes are in any position

o Always include the “organism unspecified” pneumonia code (ICD-9 486

or ICD-10]18.9)

o Prefer to include #// pneumonia and influenza codes

3 studies [13, 17, 32]
S studies [24, 26, 33-35]

5 studies for primary position [11, 15, 19,
21, 32], 4 for any position [27-29, 32]

3 studies [11, 15, 32]

4 studies [13,21, 29, 32]

4 studies [15, 21, 29, 31]

Sensitivity improves compared to pneumonia codes in primary position, with

limited changes to specificity when:

o Codes for severe pneumonia (e.g. sepsis, acute respiratory failure,

2 studies [11, 15]

pneumothorax) are added in primary position, with pneumonia codes in

secondary position

o Other infection codes (e.g. pathogens causing pneumonia) and/or respira- 1 study [11] for both infection or respira-

tory codes (e.g. empyema, lung abscess) are added

¢ Pneumonia and influenza codes are in any position

o Free text search for pneumonia terms are added, when feasible

Unclear whether sensitivity would improve or not:

e Code for aspiration pneumonia is added or excluded

tory codes
1 study [32], but no data on specificity

1 study [19]
2 studies [11,21]

ICD International Classification of Diseases, LRTT lower respiratory tract infection
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that included pneumonia [37]. The determina-
tion of the ICD codes that would improve the
sensitivity of an algorithm is complex. The clas-
sical pneumonia codes were included in all algo-
rithms, except four HAP-specific algorithms, but
achieved low sensitivities overall. The addition
of pneumonia severity codes (sepsis or respira-
tory failure) in primary position when pneu-
monia was in secondary position increased
sensitivity by 5-15% with minimal changes to
specificity in two studies on any pneumonia or
CAP comparing different algorithms [11, 15].
The addition of other infections and/or respira-
tory codes was only explored in one study [11],
in which sensitivity increased by 13% with the
addition of other specific infections and respira-
tory codes. The limited impact of adding those
codes was explained by the few patients who
were assigned such codes, as these tend to be
underreported in administrative databases [11].
Four studies reported the frequency of specific
codes within the pneumonia and influenza
group and revealed that the majority of ICD
codes are rarely reported in hospitalized adult
patients [13, 21, 29, 32]. One exception is the
code for “organism unspecified” pneumonia
cases (ICD-9 486 or ICD-10 J18.9), which was
reported in 51-65% and 39-92% of LRTI or
pneumonia cases in primary or any position,
respectively, likely due to lack of etiological
diagnosis at the time of coding [13, 21, 29, 32].
Therefore, it is essential to include the “organ-
ism unspecified” pneumonia code in studies
aiming to measure LRTI incidence rates.

The influence of code position on sensitivity
and specificity is poorly documented. Only one
study on all-cause CAP compared pneumonia
codes in primary vs. any position and reported
a mild (8%) increase in sensitivity, but specific-
ity was not reported [32]. Interestingly, several
studies stated that pneumonia codes in second-
ary position better identify patients with severe
pneumonia and underlying diseases [11, 27,
32], as pneumonia may be reported in second-
ary position only when it occurs in patients with
other diseases, such as congestive heart failure or
chronic bronchitis [11]. While not a formal vali-
dation study, one recently presented analysis in
the UK found that ICD code-based pneumonia
incidence using the first five positions correlated

highly with estimates from a concurrent pro-
spective study, but agreement decreases with
age [38]. This suggests that algorithms aiming at
deriving incidence rates of community-acquired
LRTI cases in elderly patients should include
pneumonia codes in any position, as this age
group has a higher probability of presenting
underlying diseases and severe pneumonia.
The distinction between CAP and HAP cases
based on ICD codes is complex. In studies using
the full medical file, the distinction is usually
based on a time criterion, i.e. HAP is often
defined as pneumonia with onset reported 24 or
48 h after hospital admission to be distinguished
from CAP. Studies based on ICD databases only
cannot apply this criterion because time after
admission is not translated into ICD codes.
There is also a lack of a specific code for HAP in
ICD-9 and ICD-10, though some countries such
as Germany and Switzerland introduced their
own code. The ICD studies used different criteria
to distinguish HAP from CAP, such as code posi-
tion, specific HAP code, or pneumonia code not
present at admission, but the performance of
these criteria was not measured in these studies.
Three studies provided some data on misclassi-
fication: 24% of all ICD-coded pneumonia cases
were found to be HAP after clinical review [15],
HAP represented 50% of misclassified cases in
one CAP study [18], and CAP represented 25%
of misclassified cases in one HAP study [35].
This highlights the need to introduce clear HAP
codes in future ICD coding systems. The ICD-
11 version, which has come into effect in 2022,
includes an additional code for nosocomial ori-
gin (i.e. XB25) but it remains to be seen if it will
be used in practice and how it will perform.
The added value of including or excluding
ICD codes for aspiration pneumonia in algo-
rithms is unclear. Aspiration, which is the inha-
lation of oropharyngeal or gastric content into
the lower respiratory tract, may lead to aspira-
tion pneumonitis, which is a chemical injury,
and to aspiration pneumonia, which accounts
for 5-15% of CAP cases [11]. Although there is
some overlap between these syndromes, they
are distinct clinical entities [39] but with similar
microbiologic etiology [40]. Aspiration pneumo-
nitis is often difficult to distinguish from CAP
[39]. The seven algorithms including aspiration
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pneumonia codes covered different types of
LRTI (any LRTI, any pneumonia, CAP, and
HAP), those excluding it were CAP algorithms,
and the performance of including or excluding
it has not been measured separately. Its use is
also controversial in the literature [11, 21, 22].
On one hand, including aspiration pneumonia
codes may add patients who have pneumonitis
instead of lung infection. On the other hand, its
exclusion in CAP studies risks eliminating true
CAP cases in nursing home residents or other
frail patients [11]. Studies excluding aspiration
codes may thus exclude a particular spectrum
of patients.

Our review highlights the lack of a standard
for the reference used to confirm true positive
and negative in cases detected by ICD codes,
as illustrated by the wide variety of criteria and
processes, i.e. manual review of medical charts,
diagnosis of the treating physician, both with
or without explicit clinical criteria and standard
forms. Only ten out of 26 used explicit clini-
cal criteria in the process. A previous SLR also
pointed to the variety of criteria and, in particu-
lar, to the lack of reproducibility and reliability
of using the physician diagnosis of LRTI noted
in the medical chart by manual review [10].
This process may be prone to subjective inter-
pretation based on unspecific symptoms and/
or clinical, laboratory, and/or imaging findings.
However, LRTIs can have atypical presentations
in the frail and elderly development and such
events may be missed by standardized clinical
case definitions. Further, ICD code incidence
studies primarily aim to capture diagnoses dis-
ease in line with current practice which involved
physician judgment. Specifically for methodo-
logical studies, greater standardization of the ref-
erence process would be helpful for future vali-
dation studies of ICD code algorithms to allow
a quantitative combination of results among
studies.

Our review of 26 eligible studies and 18 stud-
ies with sensitivity and/or specificity measures
is the first one to our knowledge to cover any
LRTI, from community-acquired as well as hos-
pital-acquired origin. Our added value is to com-
pare performance of the different algorithms to
inform best practices and recommendations for
future protocols for ICD-based studies to derive

LRTI incidence rates. A main limitation is the
lack of reproducibility and reliability of the clini-
cal review used as reference standard to confirm
pneumonia in a majority of validation studies.
Standardization of criteria as a minimum, and
prospective studies using explicit criteria to con-
firm LRTI, including laboratory testing to con-
firm pathogen-specific CAP, would address that
limitation. The diversity of study characteristics
and heterogeneity across patients (and their
expected prevalence of pneumonia) also limited
the inference of our results to other populations
and settings. We also expect that our findings
are biased by the influence of reimbursement
rules, as many countries base their hospital
financing on Diagnosis Related Groups which
include ICD codes, but we found no data to esti-
mate the extent of this influence. The poor qual-
ity of some studies (41% in high risk of bias in
at least one domain) limits the robustness of our
conclusions. Lastly, many studies have identified
that respiratory pathogens play a causative role
in broader group of cardiopulmonary conditions
than LRTI (e.g. chronic obstructive pulmonary
disease and chronic heart failure) [41], and the
recommendations here are only intended to cap-
ture the subset of respiratory pathogen illness
recognized as LRTI by the treating clinicians; the
extended impact of these would be best captured
by time-series modelling studies [42, 43].

CONCLUSION

Our systematic review highlights that many
studies of ICD codes to detect LRTI cases
among hospitalized adults, and HAP in particu-
lar, while being relatively specific, miss a sub-
stantial number of cases as shown by their poor
sensitivity and can negatively impact burden
of disease assessments and related assessments
of the utility of preventive interventions. Best
practices to estimate LRTI incidence in this
population include the use of ICD codes from
the pneumonia and influenza group for any
subtype of LRTI, including HAP and patho-
gen-specific groups. The addition of codes for
severe pneumonia, specific pathogens or other
respiratory entities close to pneumonia may
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improve sensitivity but would capture a lim-
ited number of additional cases. Algorithms
targeting elderly patients should prefer the use
of pneumonia codes in any position to better
capture those with underlying diseases and/or
severe pneumonia. Future validation studies of
ICD algorithms should aim at a higher quality,
in particular, the use of a more objective and
evidence-based gold standard. Further compari-
son of algorithms and their performance based
on new and higher quality studies may help to
derive more robust recommendations to meas-
ure the LRTI burden based on ICD codes.
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