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Abstract
Objectives: To assess the completeness of recording of relevant signs, symptoms, and measurements in Dutch free text fields of pri-
mary care electronic health records (EHR) of adults with lower respiratory tract infections (LRTI).

Study Design and Setting: Retrospective cohort study embedded in a prediction modeling project using routine health care data of the
Julius General Practitioners’ Network of adult patients with LRTI. Free text fields of 1,000 primary care consultations of LRTI episodes
between 2016 and 2019 were manually annotated to retrieve data on the recording of sixteen relevant signs, symptoms, and measurements.

Results: For 12/16 (75%) of the relevant signs, symptoms, and measurements, more than 50% of the values was not recorded. The
patterns of recorded values indicated selective recording of positive or abnormal values. Recording rates varied across consultation type
(physical consultation vs. home visit), diagnosis (acute bronchitis vs. pneumonia), antibiotic prescription issued (yes vs. no), and between
practices.

Conclusion: In EHR of primary care LRTI patients, recording of signs, symptoms, and measurements in free text fields is incomplete
and possibly selective. When using free text data in EHR-based research, careful consideration of its recording patterns and appropriate
missing data handling techniques is therefore required. � 2023 The Author(s). Published by Elsevier Inc. This is an open access article
under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
Keywords: Electronic health record; Routine health care data; Natural language processing; Primary care; Lower respiratory tract infection; Missing data

1. Introduction conducting research is increasingly recognized and the
Electronic health records (EHR) hold information on
large numbers of individual patients and contain struc-
tured data on health indicators such as medical history,
coded disease episodes, presenting signs or symptoms,
and treatments. Although EHR data are not primarily
collected for research purposes, its potential for
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availability of longitudinal data on a large number of pa-
tients enables researchers to study relatively rare events
[1,2]. Currently, the majority of EHR-based research is
focused on structured (often limited) data, since manual
extraction of information from unstructured free text fields
is time-consuming and resource-consuming [2,3]. Howev-
er, advances in natural language processing methods
increasingly allow for automated retrieval of unstructured
information from free text fields of the EHR, in which
more detailed information on signs, symptoms, and mea-
surements is often documented [2e4]. This increasing
availability of unstructured data provides relevant oppor-
tunities for EHR-based research, for example on the prog-
nosis of acute lower respiratory tract infections (LRTI) in
primary care. Identifying LRTI patients at risk of hospital-
ization or mortality is challenging and existing prediction
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What is new?

Key findings
� In free text fields of primary care electronic health

records (EHR), recording of signs, symptoms, and
measurements is incomplete and possibly selec-
tive, potentially posing a challenge when used in
EHR-based research.

What this adds to what was known?
� Although the potential of free text EHR data for

retrieving research data is increasingly recognized,
the quality of information captured in free text
fields is rarely assessed in detail.

� This study assesses the completeness of recording
of relevant signs, symptoms, and measurements
in Dutch free text EHR data of primary care pa-
tients with a lower respiratory tract infection.

What is the implication and what should change
now?
� When using free text primary care EHR data in

research, careful consideration of recording pat-
terns and appropriate missing data handling tech-
niques is required.

models that can assist general practitioners (GP) in risk
stratificationeof which CRB-65 (confusion, respiratory
rate, blood pressure and age � 65 years) is the most
promisingehave not been properly validated (M. Rijk et
al, unpublished data, 2023). Predictors of the CRB-65, as
well as other potential relevant signs, symptoms, and mea-
surements, are mainly recorded in free text fields [3]. How-
ever, prior to including free text variables in primary care
EHR-based research, it is instrumental to gain insight in
the type and quality of information captured in free text pri-
mary care EHR data and to assess the completeness of this
information. Yet, this has been rarely done previously.

In this study, we therefore aimed to assess the complete-
ness of recording of signs, symptoms, and measurements in
free text fields of EHR of adult patients presenting to pri-
mary care with an LRTI. This provides insight on the
recording in routine GP practice of such variables and in-
forms on the quality and potential challenges in the use
of free text data in primary care EHR-based research.
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2. Study design and setting

2.1. Design and participants

For this study, we used primary care routine health care
data from the Julius General Practitioners’ Network (JGPN)
[5]. The JGPN contains data on patient demographics, en-
coded diseases, and prescriptions (using the International
Classification of Primary Care (ICPC) and Anatomical
Therapeutic Chemical codes), coded measurements of vital
parameters, laboratory results, and free text fields of con-
sultations, and covers approximately 450,000 patients from
both urban and rural general practices in the region of
Utrecht, the Netherlands. This study is embedded in a proj-
ect aimed at developing EHR-based prediction models for
adverse outcomes in adult patients presenting with LRTI
to primary care, which has been reported on elsewhere
[6]. In short, the cohort comprises of patients aged 40 years
and older consulting their GP with an LRTI episode
(defined as ICPC registration of either acute bronchitis
[R78] or pneumonia [R81]) between 1 January 2016 and
31 December 2019. An episode starts at the day of the first
LRTI-related consultation (i.e., index consultation), and
consecutive episodes within individual patients are sepa-
rated by a period of at least 28 days without LRTI-related
consultations. For this study, a nonstratified random sample
of 1,000 episodes from our JGPN cohort was drawn. In case
of multiple episodes per individual patient, only the first
episode was included and we only included episodes of
which the index consultation was a face-to-face appoint-
ment, since these are likely to contain information on phys-
ical examination and vital and laboratory measurements.
2.2. Data collection

For all 1,000 episodes, information on patient demo-
graphics (age, sex), comorbidities (pulmonary diseases,
diabetes, heart failure, and history of malignancy or cere-
brovascular accident), smoking status and medication use
(immunosuppressants, inhalation medication) was collected
at the day of index consultation. Smoking status was auto-
matically extracted using a free text algorithm that has been
developed within JGPN [7]. Using free text fields and struc-
tured input on measurements, we extracted data on signs,
symptoms, and measurements recorded at index consulta-
tions which may be of value for predicting poor outcome
in primary care LRTI patients. These include patient-
reported symptoms (cough, shortness of breath, sputum,
chest pain, chills, fever, and confusion), GP-reported signs
(ill appearance, confusion, crackles on lung auscultation),
and vital and laboratory measurements (blood pressure,
body temperature, respiratory rate, heart rate, oxygen satu-
ration, and C-reactive protein). Recording of these variables
was manually retrieved from free text fields of index con-
sultations by one author (AM). During this process, a sec-
ond author (MR) manually cross-checked the first 100
annotated episodes (10% of the total sample) to assure cor-
rect coding of free text derived variables in the remaining
sample, with a high inter-rater reliability (Cohen’s Kappa
0.98 [95% confidence interval (CI) 0.97e0.99], indicating
almost perfect agreement). When recorded, the absence
or presence of signs and symptoms (e.g., cough yes/no)



Table 1. Baseline characteristics of cohort

Characteristic Total [ 1,000

Mean age (SD) 63 (13.8)

Sex - female 560 (56.0%)

Year
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and the values of measurements were documented. Anti-
biotic prescription at index consultation was extracted us-
ing the Anatomical Therapeutic Chemical codes of LRTI-
related prescriptions including amoxicillin, amoxicillin/
clavulanate, azithromycin, clarithromycin, doxycycline,
and erythromycin [8].
2016 343 (34.3%)

2017 241 (24.1%)

2018 246 (24.6%)

2019 170 (17.0%)

Consultation type

Physical consultation 850 (85.0%)

Home visit 150 (15.0%)

Diagnosis

Acute bronchitis 437 (43.7%)

Pneumonia 563 (56.3%)

Smoking status

Current 266 (26.6%)

Former 209 (20.9%)

Never 202 (20.2%)

No information 323 (32.3%)

Comorbidities

COPD 102 (10.2%)

Asthma 121 (12.1%)

Malignancya 78 (7.8%)
2.3. Statistical analysis

We performed an exploratory analysis of the extracted
data on signs, symptoms, and measurements, in which the
proportion of recording, the distribution of positive and
negative values of recorded signs and symptoms, and the
distribution of recorded measurements were descriptively
summarized. We explored differences in the recording of
signs, symptoms, and measurements across the strata of
consultation type, diagnosis, antibiotic treatment at index
consultation, and age, and we assessed heterogeneity in
recording patterns between general practices.

Proportions of registered signs, symptoms, and measure-
ments were compared using a two-sample Z-test, and mean
number of recordings were compared using the Wilcoxon
rank-sum test. Correlation between continuous variables
was assessed using Pearson’s correlation coefficient. All
analyses were performed in R version 4.2.2 [9].
Diabetes 52 (5.2%)

Heart failure 37 (3.7%)

CVA 38 (3.8%)

Medication use

Inhalation medication b 45 (4.5%)

Immunosuppressants or systemic
corticosteroids

9 (0.9%)

Antibiotic prescription (at index
consultation)c

319 (31.9%)

Abbreviations: COPD, chronic obstructive pulmonary disease;
3. Results

3.1. Characteristics of cohort

Characteristics of the cohort are summarized in Table 1.
The mean age of the patients was 63.0 (standard deviation
(SD) 13.8) years, and 56.0% were female. Most patients
(56.3%) were diagnosed with pneumonia and 31.9% were
treated with antibiotics at index consultation.
CVA, cerebrovascular accident; SD, standard deviation.
a Excluding malignancies of the skin.
b Includes long acting bronchodilators, corticosteroid inhalers,

and combinations.
c Includes only antibiotic prescriptions that are appropriate for

treating lower respiratory tract infections based on primary care guide-
lines, that is, amoxicillin, amoxicillin/clavulanate, azithromycin, clar-
ithromycin, doxycycline, and erythromycin.
3.2. Recording of signs, symptoms, and measurements

On average, 3.6 signs and symptoms (median: 4) were
recorded per patient (Fig. 1). Lung auscultation (86.1%)
and cough (76.6%) were recorded most frequently whereas
information on chills (4.4%) and confusion (3.5%) was re-
corded least frequently (Table 2). When recorded, patient
reported symptoms were mostly presentemost notably
cough (98.4%), chills (95.5%), sputum (91.1%) and chest
pain (78.3%)eindicating selective recording.

An average number of 1.9 measurements (median: 2)
was recorded per patient (Fig. 1). For all measurements,
more than 50% of the values were not recorded (Table 2).
Body temperature (45.4%), oxygen saturation (45.1%),
and heart rate (40.0%) were recorded most frequently
whereas respiratory rate (5.7%) was infrequently recorded.
The distributions of recorded measurement
valueseespecially respiratory rate, oxygen saturation, and
CRPereveal a substantial number of abnormal values,
potentially indicating selective recording in those more
severely affected (Fig. 2).

3.3. Recording patterns across subgroups

The mean number of recorded signs and symptoms was
significantly higher in patients with ICPC registration of
pneumonia compared to acute bronchitis (3.7 vs. 3.5,
P 5 0.006) and in those receiving immediate antibiotic
treatment compared to those who did not (3.9 vs. 3.4,
P ! 0.001) (Table 3). On average, the number of recorded
measurements was significantly higher at home visits



Fig. 1. Number of (A) signs and symptoms and (B) measurements recorded per individual patient. (For interpretation of the references to color in
this figure legend, the reader is referred to the Web version of this article.)
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compared to physical consultations (2.7 vs. 1.8,
P ! 0.001), in patients with pneumonia compared to acute
bronchitis (2.2 vs. 1.5, P ! 0.001), and in those receiving
Table 2. Recording and distribution of signs, symptoms, and measurements

Signs and symptoms

Variable

Recordin

Pneumonia Acute br

Patient reported

Cough 71.9 82

Fever 57.0 50

Shortness of breath 54.4 51

Sputum 26.1 30

Chest pain 22.9 13

Chills 5.7 2

Patient or GP reported

Confusion 5.3 1

GP reported

Crackles (auscultation) 83.7 89

Ill appearance 39.1 24

Measurements

Variable

Recording (%)

Pneumonia Acute bronchi

Body temperature 52.0 36.8

Oxygen saturation 51.0 37.5

Heart rate 46.9 31.1

CRP 20.1 16.5

Systolic BP 21.7 12.1

Diastolic BP 21.7 12.1

Respiratory rate 6.4 4.8

Abbreviations: BP, blood pressure; CRP, C-reactive protein; GP, general
immediate antibiotic treatment compared to those who did
not (2.2 vs. 1.8, P ! 0.001). There was a significant differ-
ence in the recording of 9/15 variables between
in free text fields of electronic medical records

g (%)

Positive if recorded (%)onchitis Overall

.6 76.6 98.4

.3 54.1 57.7

.7 53.2 70.9

.7 28.1 91.1

.5 18.8 78.7

.7 4.4 95.5

.1 3.5 17.1

.2 86.1 26.6

.7 32.8 39.3

Median value (IQR)tis Overall

45.4 37.2 (36.8e38.0)
�
C

45.1 97 (95e98)%

40.0 88 (76e100) beats/min

18.5 39 (10e94) ml/mL

17.5 132 (120e150) mmHg

17.5 80 (70e84.5) mmHg

5.7 18 (16e20) breaths/min

practitioner.



Table 3. Differences in mean number of recordings between LRTI episodes stratified according to consultation type, diagnosis, and immediate
antibiotic prescription

Consultation type

Variable type

Mean number of recordings

P valueaHome visit Physical consultation

Signs and symptoms 3.7 3.5 0.106

Measurements 2.7 1.8 !0.001

Diagnosis

Variable type

Mean number of recordings

P valueaPneumonia Acute bronchitis

Signs and symptoms 3.7 3.5 0.006

Measurements 2.2 1.5 !0.001

Treatment

Variable type

Mean number of recordings

P valueaImmediate AB No immediate AB

Signs and symptoms 3.9 3.4 !0.001

Measurements 2.2 1.8 !0.001

Abbreviations: AB, antibiotics; LRTI, lower respiratory tract infection.
a Based on Wilcoxon rank sum test.

5M.H. Rijk et al. / Journal of Clinical Epidemiology 166 (2024) 111240
consultation type (home visit vs. physical consultation), 12/
15 variables between diagnosis (pneumonia vs. acute bron-
chitis), and 8/15 variables between antibiotic prescription
issued at index consultation (yes vs. no) (Table S1). Short-
ness of breath was the only variable that did not
Fig. 2. Distribution of recorded measurements with density curve and med
DBP, diastolic blood pressure; C, Celsius; min, minute; CRP, C-reactive prot
the reader is referred to the Web version of this article.)
significantly differ across all three strata. Age was weakly
negatively associated with the number of registered signs
and symptoms included in our study (Pearson’s correlation
coefficient (r) �0.07, 95% CI �0.13 to �0.01) but showed
no significant association with the number of registered
ian (interquartile range). Abbreviations: SBP, systolic blood pressure;
ein. (For interpretation of the references to color in this figure legend,



Fig. 3. Association between age and (A) number of signs and symptoms, and (B) number of measurements recorded. (For interpretation of the ref-
erences to color in this figure legend, the reader is referred to the Web version of this article.)

Fig. 4. Association between mean number of signs and symptoms and mean number of measurements recorded, on a general practice level. (For
interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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measurements (r 0.06, 95% CI 0.00e0.12) (Fig. 3). The
number of recorded signs and symptoms was positively
associated with the number of recorded measurements (r
0.30, 95% CI 0.24e0.35).

Summarizing the recording patterns of different primary
care practices, a mean number of 3.6 (SD 0.7, range
1.8e5.3) signs and symptoms and 1.9 (SD 0.8, range
0.0e3.8) measurements were recorded per patient per prac-
tice. On a primary care practice level, the mean number of
recorded signs and symptoms per patient was positively
associated with the mean number of recorded measure-
ments per patient on a primary care practice level (r 0.44,
95% CI 0.25e0.60) (Fig. 4).
Box 1 Different types of missing data

Missing data are commonly classified into three
distinct types [18].
� Missing completely at random (i.e., no systematic

differences between observed and missing values)
� Missing at random (i.e., systematic differences be-

tween observed and missing values which can be
explained by other variables in the observed data)

� Missing not at random (i.e., systematic differences
between observed and missing values remain after
taking other variables in the observed data into
account).
4. Discussion

4.1. Main findings

In this study, we aimed to assess the completeness of
recording of relevant signs, symptoms, and measurements in
free text EHR data of primary care LRTI patients. Our most
notable finding is the substantial amount of nonrecorded
values. Apart from incomplete recording, our study reveals
several issues indicating selective recording of these variables,
potentially posing a challenge when using these data in EHR-
based research. First, the distribution of recorded values sug-
gests that signs, symptoms, and measurements are more likely
to be recorded in case of positive or abnormal findings. Sec-
ond, we found that their recording is associated with observed
factors such as consultation type, diagnosis, and antibiotic
treatment, raising uncertainty on potential associations with
nonobserved factors. Lastly, we observed heterogeneity in
recording behavior between primary care practices.

4.2. Comparison with existing literature

Primary care guidelines currently aid GPs in identifying
LRTI patients with increased risk of adverse outcomes by
highlighting factors associated with such outcomes,
including several signs, symptoms, and measurements. for
example, the Dutch primary care guideline includes ill
appearance, confusion, lung auscultation, respiratory rate,
heart rate, and blood pressure in its severity assessment
[8]. UK guidance on pneumonia patients issued by the Na-
tional Institute of Health and Care Excellence suggests to
stratify risk of poor prognosis in primary care LRTI patients
based on CRB-65 [10]. Nevertheless, the findings in our
study indicate that the factors addressed in these guidelines
are not routinely recorded in LRTI patients, which is
largely in line with findings of previous studies. A prospec-
tive evaluation of the potential use of CRB-65 in primary
care LRTI patients conducted in 13 European countries re-
ported that respiratory rate (22.7%) and blood pressure
(31.9%) were infrequently measured as part of routine prac-
tice, whereas confusion (99.8%) was recorded in almost all
patients as it was part of a standard case report form [11].
Another retrospective UK EHR-based study among pri-
mary care patients with community-acquired pneumonia
found that complete recording of CRB-65 at index consul-
tation was 0.4%; confusion (0.2%), respiratory rate (3.6%),
and blood pressure (17.6%) were all infrequently recorded
[12]. Of note, in a primary care-based prospective cohort
study of patients with LRTI with near-complete recording,
the positivity rates of signs and symptoms were substan-
tially lower than in our study (e.g., fever and chest pain re-
ported in 38.1% and 37.0% vs. 57.7% and 78.7%,
respectively) and the distributions of measurements re-
vealed less abnormal values [13]. Hence, selective
recording of signs, symptoms, and measurements in our
study is likely. This might be explained by the fact that
GPs both use their severity assessment to selectively assess
these factors in a subset of patients and mainly report pos-
itive or abnormal values. Extrapolating these positivity
rates to our data does, however, not imply that all nonre-
corded values in our study are negative or normal.

When considering free text variables for use in observa-
tional EHR-based prognostic research, nonrecorded values
could be considered ‘missing.’ Proper handling of missing
data and careful consideration of its mechanisms is there-
fore essential [14]. Our study identifies two issues that
might pose a challenge when using free text EHR data
for this purpose: (i) the substantial amount of nonrecorded
values and (ii) the selective recording of variables.
Although the maximum proportion of missing data on vari-
ables that is generally accepted in prognostic studies has
been subject of debate, some of the observed proportions
of missingness in our study are likely to pose a challenge
when applying techniques such as multiple imputation
(MI) [15e17]. Selective recording could potentially be
even more problematic, since this might violate assump-
tions regarding the type of missingness that should be
met before applying MI (Box 1) [18]. In our study, we iden-
tified several variables (i.e., consultation type, diagnosis,
and immediate antibiotic treatment) that are associated with
the proportion of missingnesseindicating missing at
random eand it is likely that even more observed variables
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are associated with the level of missingness. e.g., our obser-
vation that signs, symptoms, and measurements are pre-
sumably recorded more often in case of positive or
abnormal findings might indicate missing not at random ,
which violates one of the assumptions of MI [18]. Alterna-
tive methods for handling incomplete recording of variables
could be by considering missing values as ‘negative’ or
‘normal’ (i.e., zero imputation) or to include a missing in-
dicator [19,20]. However, when such variables are eventu-
ally included in a prediction model their assessment
becomes routine care, and GPs will increasingly assess
(and record) negative or normal values inherently altering
the mechanism of missingness. This may lead to changing
predictor effects, which is also referred to as ‘the curse of
knowing’ [21].
Fig. 5. Recording of CRB-65 predictors on a patient level based on
manual annotation of 1,000 primary care LRTI consultations.
4.3. Strengths and limitations

Strengths of our study include the large sample that was
derived from a cohort representative of Dutch adult primary
care LRTI patients, the selection of relevant signs, symp-
toms, and measurements that was based on a recent system-
atic review, and the manual annotation of the variable
values from free text EHR data by two authors with high
inter-rater reliability.

Some important limitations should, however, be
recognized. First, our study should foremost be regarded
as an exploratory analysis of the completeness of
recording in free text primary care EHR data, and it
was not our aim to draw strong conclusions regarding
the value of free text EHR data for future research.
Nevertheless, we believe our results to be relevant as they
highlight some important issues to consider when using
free text EHR data in research. Second, it is important
to emphasize that the absence of recorded signs, symp-
toms, and measurements does not necessarily imply that
these were not assessed by the GP. It is likely that GPs do
not routinely register all information that has been ac-
quired during a consultation while our findings are solely
based on recorded data. Therefore, no firm conclusions
should be drawn regarding the patient characteristics that
GPs routinely assess in primary care LRTI patients.
Third, our findings only reflect routine primary health
care for LRTI patients during regular working hours,
since we did not include out-of-hours consultations.
However, even in acutely ill patients presenting to out-
of-hours primary care facilities vital parameters such as
respiratory rate are often not measured according to a
previous report [22]. Lastly, our data do not include in-
formation on the course of the LRTI episodes and
whether adverse outcomes such as hospitalization or
mortality occurred. As these are objective indicators of
disease severity, it would have been valuable to assess
the association between the recording of signs, symp-
toms, and measurements and adverse outcomes.
4.4. Implications for future research

In spite of the descriptive nature of this study, our find-
ings are relevant to other future EHR-based research aiming
to include free text variables. Before applying natural lan-
guage processing to free text EHR data, it is important to
gain insight into the completeness of recording of free text
variables and identify potential challenges that come with
its use. Our findings imply that, prior to including free text
variables, recording patterns should be carefully assessed
and appropriate missing data handling techniques should
be considered based on these patterns. To place our findings
in the context of future (prognostic) research and highlight
the challenges of using free text EHR data for validating
existing prediction models, we have used the CRB-65
model as an illustrative example in Box 2 and Fig. 5.
Nevertheless, the potential value of information captured
in free text fields justifies further exploration [23]. There-
fore, to properly assess the added value of free text vari-
ables in prognostic research, future studies should
compare the performance of a prediction model developed
with only structured data to a model that also includes free
text predictors using appropriate methods [24], and with
proper handling of missing data depending on recording
patterns and how the model will be applied in practice.
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Box 2 Recording of CRB-65 predictors: an
illustrative example

To place our findings in the context of future (prog-
nostic) research and highlight the challenges of using
free text EHR data for validating existing prediction
models, we summarized the recording of CRB-65
predictors (a model developed to predict mortality
in pneumonia patients) on a patient level. In our sam-
ple, there was no missing data on age, but confusion
(3.5%), respiratory rate (5.7%), and blood pressure
(17.5%) were all incompletely recorded. Overall,
778 (77.8%) LRTI patients only had information on
age available whereas 4 (0.4%) had complete
recording of CRB-65 items. Due to the substantial
amount of nonrecorded values (i.e., equivalent to
missing data since this information is not available
elsewhere), external validation of CRB-65 using
EHR-data is challenging and would require tailored
missing data handling techniques based on the
observed recording patterns and underlying assump-
tions. For example, one could argue to consider non-
recorded values of confusion as ‘negative’ or
‘normal’ [20]. Whether this assumption also holds
for nonrecorded values of respiratory rate and blood
pressure might be less certain.
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