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Strengths and limitations of this study

 ► The study was conducted on individual data, which 
made it possible to assess positive predictive value 
and sensitivity.

 ► The study included all types of maternity units and 
all volumes of deliveries.

 ► The data collection was performed by a single 
technician.

 ► There was heterogeneous distribution of maternity 
units throughout the French territory.

 ► Data collection was not duplicated by a health pro-
fessional, and there was no dual data collection by a 
health professional.

AbStrACt
Objective The aim of our validation study was to assess 
the metrological quality of hospital data for perinatal 
algorithms on a national level.
Design Validation study.
Setting This was a multicentre study of the French 
medicoadministrative database on perinatal indicators.
Participants In each hospital, we selected 150 discharge 
abstracts for delivery (after 22 weeks of gestation), in 
2014, and their corresponding medical records. Overall, 22 
hospitals were included.
Interventions A single investigator performed blind 
data collection from medical records in order to compare 
data from discharge abstracts with data from medical 
records. Finally, 3246 discharge abstracts were studied.
Primary and secondary outcome measures Seventy 
items, including maternal and delivery characteristics and 
maternal morbidity, were collected for each delivery stay.
results The concordance rate of maternal age at 
delivery was 94.8% (95% CI 93.8 to 95.4). Combining 
the two forms of pre- existing diabetes, the algorithm 
presented a PPV of 65.9% and a sensitivity of 75.7%. 
The concordance rate of gestational age at delivery was 
91.8% (90.9 to 92.7). Regarding gestational diabetes, 
the PPV was 80.8% (79.4 to 82.2) and the sensitivity 
was 79.5% (78.1 to 80.9). Regardless of the algorithm 
explored, the PPV for vaginal delivery was over 99%. 
For the diagnosis codes corresponding to immediate 
postpartum haemorrhage, the PPV was 77.7% (76.3 to 
79.1) and the sensitivity was 75.5% (74.0 to 77.0). The 
algorithm for stillbirth presented a PPV of 89.4% (88.3 to 
90.5) and a sensitivity of 95.4% (94.7 to 96.1).
Conclusions This first national validation study of 
many perinatal algorithms suggests that the French 
national hospital database is an appropriate data source 
for epidemiological studies, except for some indicators 
which presented low PPV and/or sensitivity.

IntrODuCtIOn
Subsequent to the digitisation of hospital 
data, a great deal of epidemiological data 
about the hospitalised population have 
become available; these have been used 
de facto for scientific research for more 
than 20 years.1–6 In this context, health 
data have focused on identifying morbidity 
using diagnosis and/or procedure data that 

may reflect the health status of individual 
subjects. In France, the medical informa-
tion system (Programme de Médicalisation 
des Systèmes d’Information) covers data 
relative to all public and private hospitals 
throughout the territory. These data are 
particularly interesting for the investigation 
of perinatal health, seeing as 99.6% of the 
800 000 annual births in France take place in 
hospitals.7 Even though national perinatal 
surveys are currently used to follow up on 
numerous indicators every 5 years, hospital 
database is also a suitable epidemiological 
tool because it makes information available 
on a yearly basis.8 9 The use of routinely 
collected health data saves time and money 
when identifying infrequent and unfavour-
able delivery outcomes and improves health 
surveillance of women and their offspring.10

Because hospital data were originally 
collected for administrative or financial 
purposes, the researchers using these data-
bases are required to ensure data quality 
using either a single variable or a case- 
finding algorithm based on several vari-
ables.10–14 It then becomes an evaluation of 
data reliability: a declared case has to be a 
confirmed case. A validation study aims to 
evaluate the gap between the information 
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found in the medicoadministrative database and the 
information found with a gold standard approach. 
This type of study performed from individual data is 
extremely time- consuming and expensive because the 
data from medical records require prior national data 
collection. Nonetheless, this type of validation study 
needs to be carried out for each database seeing as 
variations can occur.15 For instance, a Canadian study 
validated an identification algorithm for children with 
diabetes mellitus, but the identification of children with 
diabetes using the same algorithm was insufficient in 
a Colombian database.16 17 The relevant question here 
is whether the French hospital database can be used 
to reliably detect perinatal indicators and therefore to 
inform clinical studies or investigate quality of care.

The aim of our validation study was to assess the metro-
logical quality of hospital data for perinatal algorithms on 
a national level.

MethODS
The principle of this transversal multicentre study was 
to compare data from the French hospital database 
(named ‘Programme de Médicalisation des Systèmes 
d’Information’ or PMSI) with data from medical 
records, which we considered to be the gold standard. 
The objective of a validation study for a case- finding 
algorithm is to estimate the validity indices of the algo-
rithm which quantifies to what extent a variable in the 
data corresponds to the variable in reality.

French hospital database
The French hospital database, which uses diagnosis- 
related groups (DRG), is a patient classification system 
with an objective to describe hospital activity according 
to the resources consumed. In France, the classifica-
tion of DRG is based on discharge abstracts recorded 
for each hospitalisation. These abstracts include some 
sociodemographic characteristics, the principal and 
associated diagnoses (coded according to the 10th 
revision of the International Statistical Classification 
of Diseases and Related Health Problems), and proce-
dures performed during the stay (coded according to 
the French Common Classification of Medical Acts) for 
each inpatient. Several internal and external controls 
are periodically performed. Although the purpose of 
this database is the payment of clinical hospital activities, 
this database has already been the subject of numerous 
studies in various medical disciplines, notably in a peri-
natal setting.7 18–23

Population
We performed a two- stage sample design. First, 50 health 
hospitals with a maternity unit were randomly selected 
in metropolitan France (other than Paris and Paris 
region), irrespective of the level of the unit. In France, 
maternity units are classified into levels according to 
the care they are able to provide (online supplementary 

file 1). Two hospitals that had participated in a previous 
pilot study were automatically included. The heads of 
the maternity units were contacted by an email where 
we presented the study and asked if the unit would be 
interested in taking part. We followed up by telephone 
hospitals that did not answer.

Second, for each included hospital, 150 delivery 
discharge abstracts (≥22 weeks of gestation) were 
randomly selected from all the discharge abstracts 
from 2014 that contained a Z37 code (the outcome 
of delivery on the mother’s record) and/or a delivery 
procedure, according to the French Common Classifi-
cation. We chose to include 150 records per hospital to 
reach the minimum sample size required,24 based on the 
different values of the prevalence of a disease and both 
the sensitivity and specificity of a screening procedure 
or diagnostic test. Except for one simulation out of 40, 
we reached the minimum sample size required for the 
diagnostic tests.

Particular interest was paid to diabetes mellitus, severe 
postpartum haemorrhage (PPH), stillbirth and termina-
tion of pregnancy for medical reasons. These conditions 
are relatively rare and could be under- represented in a 
simple random sample selection. We therefore used the 
quota method.

The selected discharge abstracts were distributed as 
follows:

 ► 80 discharge abstracts selected from all deliveries, 
whatever the pregnancy outcome.

 ► 10 discharge abstracts selected from all deliveries, 
including a diagnosis code for pre- existing type 2 or 
type 1 diabetes mellitus, in pregnancy, childbirth and 
the puerperium.

 ► 10 discharge abstracts selected from all deliveries, 
including a diagnosis code for gestational diabetes 
mellitus (GDM).

 ► 20 discharge abstracts selected from all deliveries, 
including a diagnosis code for severe PPH.

 ► 20 discharge abstracts selected from all deliveries, 
including a diagnosis code for stillbirth.

 ► 10 discharge abstracts selected from all deliveries, 
including a diagnosis code for a termination of preg-
nancy for medical reasons.

For the last two groups, all discharge abstracts were 
included if the number of cases was not reached in 2014 
for a given hospital. To maintain the number of 150 for 
this hospital, an additional random draw was performed 
among discharge abstracts selected from all deliveries.

We developed a software program to randomly select 
150 discharge abstracts that included a delivery per 
hospital. Each hospital’s medical information depart-
ment ran this program in its hospital database to extract 
the data for these 150 stays for delivery and the 150 corre-
sponding medical records.

A list of 25 additional discharge abstracts (12 all deliv-
eries, 3 diabetes mellitus, 3 GDM, 3 severe PPH, 2 still-
births and 2 terminated pregnancy for medical reasons) 
was prepared to compensate for inaccessible records if 
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necessary, thus maintaining the number of 150 discharge 
abstracts per hospital.

Data collection
A single clinical research associate collected data in each 
hospital from the hospital perinatal medical records of 
women who delivered in 2014. These medical records 
were linked to the previously selected discharge abstracts. 
The clinical research associate was trained to collect and 
manage data and was blinded to the data recorded on the 
discharge abstracts. Data collection took place between 
September 2016 and December 2017.

The medical record was made up of an electronic or 
paper document that retraced prenatal care, the delivery 
and the postdelivery stay, a report of the procedure, 
and a discharge letter. The data from each record were 
collected on a standardised form in accordance with 
national predefined guidelines regarding the collection 
of hospital data. Guidelines for filling in information and 
the opportunity to discuss the disputed cases with a super-
visor with expertise in obstetrics allowed us to maximise 
data homogeneity.

The variables studied corresponded to the characteris-
tics of the hospital stay, the pregnancy, the delivery and 
the newborn: the mode of admission and discharge, the 
length of stay, the maternal age at delivery, the existence 
of maternal obesity (body mass index (BMI) >30 kg/m²), 
the weight and gestational age of the newborn, and the 
parity for vaginal deliveries (accounted after delivery). 
Maternal diseases included diabetes before the pregnancy, 
gestational diabetes, hypertensive disorders, premature 
rupture of membranes (PROM) and premature labour. 
The characteristics of the labour and delivery included 
the type of pregnancy (singleton or multiple), the type of 
presentation, the mode of delivery (spontaneous vaginal, 
instrumental extraction, caesarean: emergency or not), 
and PPH, stillbirth and transfer in utero.

Statistical analysis
We compared the data from medical records and the data 
from discharge abstracts, at an individual level. Several 
algorithms were explored, including different combina-
tions of codes in the discharge abstracts from delivery 
stays, pregnancy stays or hospitalisation in the 2 years 
before delivery (online supplementary file 2).

Means or proportions were calculated for each source 
of data. To evaluate the metrological quality of the 
hospital database, the various indicators were calculated 
for each variable. The medical record was considered the 
gold standard. Positive predictive value (PPV) and sensi-
tivity were calculated for dichotomous data. PPV corre-
sponded to the probability that the variables recorded in 
the discharge abstracts were also present in the medical 
record. Sensitivity corresponded to the probability 
that variables recorded in the medical record were also 
present in the discharge abstracts.

Continuous data were assessed by the concordance rate, 
which corresponded to the number of concordant cases 

between the discharge abstracts and the medical records 
(ie, if the same value was identified in both data sources) 
over the total number of records examined. However, 
the variability of a quantitative measure has two main 
sources: the method itself (analytical variability) and the 
individual (intersubject or intrasubject variability). We 
used the Deming regression25–27 to take these variabilities 
into account. If the two measures are estimated on the 
same scale, then the methods are well calibrated when 
the 95% CI for the intercept includes 0 and the CI for 
the slope includes 1. Concerning qualitative variables, 
in order to estimate the concordance between data of 
discharge abstracts and medical records, we calculated 
the kappa index,28 and the interpretation was made using 
a commonly cited scale.29 This index is considered as 
good from 60% (substantial agreement) and excellent 
from 80% (almost perfect agreement). The rates of false 
negative and false positive were also calculated in order 
to select the best algorithms with regard to the likelihood 
ratio (balancing specificity and sensitivity).

Patient and public involvement
No patients involved.

reSultS
Twenty- three hospitals agreed to take part in the study 
(authorised by the head obstetrician and the hospital 
director): four level 1 maternities, seven level 2 materni-
ties and twelve level 3 maternities.

The distribution of the hospitals was unequal over the 
territory, but the four major geographical areas were 
represented.

One hospital did not provide the data from discharge 
abstracts obtained from the random draw, so only 22 
hospitals were finally included.

Fifty- four discharge abstracts could not be linked with 
the corresponding medical records. For three of them, 
the data collection was missing in the medical records. 
Fifty- one discharge abstracts could not be matched with 
the medical records because a mistake was made in the 
joint patient identifier for both data sources by the corre-
sponding hospital.

In total, 3246 discharge abstracts were compared with 
their corresponding medical records.

Maternal indicators
The concordance rate of maternal age at delivery was 
94.8% (95% CI 94.0 to 95.6). The concordance rate for 
postal codes was 97.0% (96.4 to 97.6) and the concor-
dance rate for departments was 100%. The concordance 
using Deming regression between data from discharge 
abstracts and data from medical records is presented in 
figure 1. The data include maternal age at delivery, gesta-
tional age, childbirth weight and maternal departments 
of residence. For all these variables the concordance was 
almost perfect as the 95% CI for the intercept includes 0 
and the CI for the slope includes 1.
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Table 1 Metrological quality of discharge abstracts for maternal characteristics and comorbidities

Medical 
records

Discharge 
abstracts PPV FP FN Sensitivity

Kappa 
index

n % n % % 95%CI n % n % % 95%CI

Parity

  Primiparous 
women

981 40.2 971 39.8 93.3
92.3 to 94.3

65 2.7 75 3.1 92.4 91.3 to 93.5 0.88 (APA)

  Multiparous 
women

1459 59.8 1458 59.8 95.5 94.7 to 96.3 66 2.7 67 2.7 95.5 94.7 to 96.3 0.89 (APA)

Overweight or 
obesity ≥25 kg/m²*

1104 37.6 220 7.5 98.6 98.2 to 99.0 3 0.1 887 30.2 19.7 18.3 to 21.1 0.23 (FA)

Obesity ≥30 kg/m²* 507 17.3 216 7.4 91.7 90.7 to 92.7 18 0.6 309 10.5 39.1 37.3 to 40.9 0.50 (MA)

Uterus scar 464 14.4 384 11.9 94.8 94.0 to 95.6 20 0.6 100 3.1 78.5 71.1 to 79.9 0.84 (APA)

Diabetes mellitus

  Type 1 diabetes† 98 3.0 143 4.4 50.4 48.7 to 52.1 71 2.2 26 0.8 73.5 72.0 to 75.0 0.58 (MA)

  Type 2 diabetes† 51 1.6 31 1.0 67.7 66.1 to 69.3 10 0.3 30 0.9 41.2 39.5 to 42.9 0.51 (MA)

  Type 1 or type 2 
diabetes

148 4.6 170 5.2 65.9 64.3 to 67.5 58 1.8 36 1.1 75.7 74.2 to 77.2 0.69 (SA)

High blood pressure 29 0.9 34 1.0 32.4 30.8 to 34.0 23 0.7 18 0.6 37.9 36.2 to 39.6 0.34 (FA)

*Missing data=309.
†Missing data <5.
APA, almost perfect agreement; FA, fair agreement; FN, false negative ; FP, false positive; MA, moderate agreement; PPV, positive predictive value; 
SA, substantial agreement.

Figure 1 Concordance using Deming regression between 
discharge abstracts and medical records for maternal age 
at delivery, gestational age, childbirth weight and maternal 
departments of residence.

The maternal characteristics are presented in table 1. 
The maternal weight and/or height were not available 
in 309 medical records, making it impossible to calcu-
late BMI. The diagnosis code for obesity (≥30 kg/m²; 
E66 codes, except E66.03, E66.13, E66.83 and E66.93) 
presented a PPV of 91.7% (95% CI 90.7 to 92.7) and a 
sensitivity of 39.1% (37.3 to 40.9) (kappa index=0.50, 
moderate agreement).

We explored parity, which was taken into account after 
vaginal delivery: the PPV and sensitivity of primiparous 

women were, respectively, 93.3% (92.3 to 94.3) and 
92.4% (91.3 to 93.5). For multiparous women, the PPV 
and sensitivity were of the same order 95.5% (94.7 to 
96.3). The kappa index for parity was greater than 0.80 
(almost perfect agreement).

Regarding uterine scars, the PPV was 94.8% (94.0 to 
95.6) and the sensitivity was 78.5% (77.1 to 79.9) (kappa 
index=0.84, almost perfect agreement).

Maternal morbidity
Several types of morbidity were explored (table 1).

Diabetes mellitus
First, we focused on pre- existing diabetes mellitus. For 
type 1 diabetes, the two best algorithms presented a PPV 
of 50.4% (48.7 to 52.1) and a sensitivity of 73.5% (72.0 to 
75.0) (kappa index=0.58, moderate agreement) and were 
defined as follows:

 ► Code O24.0 recorded in discharge abstracts estab-
lished for delivery stay.

 ► Code O24.0 recorded in discharge abstracts estab-
lished for delivery stay and/or code of type 1 diabetes 
mellitus (E10) recorded in discharge abstracts for 
hospital stay during pregnancy.

For type 2 diabetes, the best algorithm only included the 
O24.1 code recorded during pregnancy stay or delivery 
stay, and it presented a PPV of 67.7% (66.1 to 69.3) and 
a sensitivity of 41.2% (39.5 to 42.9) (kappa index=0.51, 
moderate agreement).

We explored other algorithms which included the E10 
code (or E11 for type 2 diabetes) recorded on pregnancy 



5Goueslard K, et al. BMJ Open 2020;10:e035218. doi:10.1136/bmjopen-2019-035218

Open access

Table 2 Metrological quality of discharge abstracts for pregnancy- related disorders

Medical 
records

Discharge 
abstracts PPV FP FN Sensitivity

Kappa 
index

n % n % % 95% CI n % n % % 95% CI

Gestational diabetes   

  Code O24.4 482 14.9 469 14.5 80.6 79.2 to 82.0 91 2.8 104 3.2 78.4 77.0 to 79.8 0.76 (SA)

  Codes O24.4–O24.9 482 14.9 474 14.6 80.8 79.4 to 82.2 91 2.8 99 3.1 79.5 78.1 to 80.9 0.77 (SA)

Hypertensive disorders   

  Previous or during 
pregnancy

213 6.6 239 7.4 69.5 67.9 to 71.1 73 2.3 47 1.4 77.9 76.5 to 79.3 0.71 (SA)

  Moderate or severe 
pre- eclampsia

96 3.0 106 3.3 70.8 69.2 to 72.4 31 1.0 21 0.6 78.1 76.7 to 79.5 0.73 (SA)

  Eclampsia 2 0.1 8 0.2 12.5 11.4 to 13.6 7 0.2 1 0.0 50.0 48.3 to 51.7 0.20 (SlA)

  Premature labour* 
(O60.0)

141 4.3 87 2.7 57.5 55.8 to 59.2 37 1.1 91 2.8 35.5 33.9 to 37.1 0.42 (MA)

  Premature labour*† 141 4.3 175 5.4 48.0 46.3 to 49.7 91 2.8 57 1.8 59.6 57.9 to 61.3 0.51 (MA)

  Premature delivery 434 13.4 295 9.1 85.8 84.6 to 87.0 42 1.3 181 5.6 58.3 56.6 to 60.0 0.66 (SA)

  Placental abruption 41 1.3 40 1.2 75 73.5 to 76.5 10 0.3 11 0.3 73.2 71.7 to 74.7 0.74 (SA)

*Missing data ≤10.
†Codes O60.0, O60.2 and O47.0.
FN, false negative; FP, false positive; MA, moderate agreement; PPV, positive predictive value; SA, substantial agreement; SlA, slight agreement.

hospitalisation and/or on hospitalisation within 2 years 
prior to the delivery, but without improvement.

Combining the two forms of pre- existing diabetes, the 
algorithm which mixed the codes O24.0 or O24.1 in 
the discharge abstract of delivery stay presented a PPV 
of 65.9% and a sensitivity of 75.7% (kappa index=0.69, 
substantial agreement).

High blood pressure
Previous high blood pressure was explored with the O10 
diagnosis code. The PPV was 32.4% and the sensitivity was 
37.9%, with a fair agreement regarding the kappa index 
(k=0.34).

Pregnancy-related disorders
The concordance rate of gestational age at delivery 
was 91.8% (90.9 to 92.7). However, the gestational age 
was specified in weeks and days of gestation in medical 
records, while it was specified in weeks of gestation in 
the hospital data. Rounding up or down to the nearest 
whole number of weeks of gestation, the concordance 
rate increased to 98.3%.

The pregnancy- related disorders are presented in 
table 2.

Gestational diabetes
Regarding gestational diabetes (O24.4 and O24.9 codes 
in the discharge abstract of delivery stay), the PPV was 
80.8% (79.4 to 82.2) and the sensitivity was 79.5% (78.1 to 
80.9). The association of these two codes (in comparison 
with only code O24.4) did not modify the number of false 
positives but decreased the number of false negatives. 
The algorithms that included the discharge abstracts 
from pregnancy hospitalisations decreased the PPV and 

increased the sensitivity. The kappa index for gestational 
diabetes was almost 0.80 (k=0.76, substantial agreement).

Hypertensive disorders
There were 213 cases of hypertensive disorders in the 
medical records and 239 in the discharge abstracts from 
the delivery stays (codes O10- O16). The PPV was 69.5% 
(67.9 to 71.1) and the sensitivity was 77.9% (76.5 to 79.3). 
When we added the same codes but that were recorded 
during pregnancy or the P000 code which is recorded in 
the discharge abstract from a newborn stay, the results 
were similar. A kappa index of 0.71 indicates a substantial 
agreement between the two data sources.

Moderate or severe pre- eclampsia was identified in 106 
cases in the hospital data (code O14 in the discharge 
abstracts for delivery stays), while 96 cases were recorded 
in the medical records; the PPV was 70.8% (69.2 to 
72.4) and the sensitivity was 78.1% (76.7 to 79.5) (kappa 
index=0.73, substantial agreement). Eclampsia is a major 
and rare event. Nevertheless, we observed many false 
positives: two cases were recorded in the medical records 
and eight cases in the hospital data. Thus, the PPV was 
12.5% and the sensitivity was 50.0%, with a slight agree-
ment regarding the kappa index (k=0.20).

Premature labour, premature delivery
Premature labour is the motive for a large number of 
hospitalisations in France. According to the guidelines 
from the national agency for the management of hospi-
talisation data (Agence Technique de l’Information 
Hospitalière (ATIH)), the O60.0 code corresponds to a 
premature labour. For this code, recorded in discharge 
abstracts of hospital stays during pregnancy, the PPV was 
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57.5% (55.8 to 59.2) and the sensitivity was 35.5% (33.9 
to 37.1). Adding other codes (eg, O60.0, O60.2 or O47.0, 
‘false labor before 37 completed weeks of gestation’), 
the PPV decreased (32.5%) and the sensitivity increased 
(75.2%). The kappa index for premature labour 
depending on the algorithm used was, respectively, 0.42 
and 0.51 (moderate agreement).

Regarding premature deliveries with or without spon-
taneous labour (codes O60.1 and O60.3), the PPV was 
85.8% and the sensitivity was 58.3% (kappa index=0.66, 
substantial agreement).

Premature rupture of membranes
Regarding the codes for PROM (O42) or the code for 
delayed delivery after spontaneous or unspecified rupture 
of membranes (O75.6) during the delivery stay, the PPV 
was 54.9% (53.2 to 56.6) and the sensitivity was 57.0% 
(55.3 to 58.7). When we added to the O42 code the P011 
code from the newborn discharge abstract, the PPV was 
56.2% (54.5 to 57.9) and the sensitivity was 60.0% (58.3 
to 61.7). The kappa index was around 0.50 for both algo-
rithms, indicating a moderate agreement between the 
two data sources.

For placental abruption (code O45), the PPV was 75% 
(73.5 to 76.5) and the sensitivity was 73.2% (71.7 to 74.7) 
(kappa index=0.74, substantial agreement).

Delivery
The results of delivery algorithms are presented in table 3. 
The data for delivery in singleton or twin pregnancies 
presented, respectively, PPV of 98.3% (97.9 to 98.7) and 
94.3% (93.4 to 95.1), sensitivity of 99.7% and 95.2%, and 
kappa index of 0.64 (substantial agreement) and 0.95 
(almost perfect agreement).

Regardless of the algorithm explored, the PPV for 
vaginal delivery was over 99%. However, the sensitivity 
increased to 99.6% when we used the algorithm that 
included diagnosis codes and/or the corresponding 
codes for delivery procedures. For instrumental deliv-
eries, the PPV decreased by 2% (88.2% (87.1 to 89.3)) 
and the sensitivity increased to 95.9% when the algorithm 
included diagnosis codes and/or procedure codes.

As regards caesarean births, the algorithm that included 
diagnosis codes and/or procedure codes improved the 
PPV to 98.5% and the sensitivity to 99.5%. The PPV for 
emergency caesarean sections or planned caesarean 
sections (diagnosis and procedure codes) was, respec-
tively, 83.0% and 80.4%, and their sensitivity was 95.1% 
and 84.5%.

For all delivery types, almost perfect agreement was 
obtained with the kappa index.

The PPV for episiotomy, which was calculated by 
comparing medical records and the procedure codes, was 
90.1% (88.9 to 91.3) and the sensitivity was 86.0% (84.6 to 
87.4) (kappa index=0.86, almost perfect agreement). The 
PPV for perineal tears was 86.2% (84.8 to 87.6) and the 
sensitivity was 76.4% (74.7 to 78.1) (kappa index=0.65, 
substantial agreement).

For the diagnosis codes corresponding to immediate 
PPH (O72.0 or O72.1), the PPV was 77.7% (76.3 to 
79.1) and the sensitivity was 75.5% (74.0 to 77.0) (kappa 
index=0.74, substantial agreement). We explored an algo-
rithm that included these codes and the procedure codes 
for manual removal of the placenta. In these cases, the 
PPV was 80.7% and the sensitivity was 13.1%, with a fair 
agreement regarding the kappa index (k=0.21).

In order to select severe PPH, we explored advanced 
interventional procedures which indicated a second- line 
therapy (arterial embolisation, uterine or hypogastric 
artery ligation, haemostasis hysterectomy). First, when we 
included the relevant codes of advanced interventional 
procedures on immediate postpartum, the PPV was 67.8% 
and the sensitivity was 80.8%. We then explored the 
performance of an algorithm that included the following:

 ► Relevant codes for advanced interventional proce-
dures during the immediate postpartum period.

 ► Diagnosis codes corresponding to immediate PPH 
associated with general codes for advanced interven-
tional procedures.

The PPV was 68.4% (66.8 to 70.0) and the sensitivity 
was 90.0% (89.0 to 91.0).

For both algorithms, we found a substantial agreement 
with the kappa index (k=0.73 and k=0.77, respectively).

Fetal mortality
The results of fetal mortality algorithms are presented 
in table 3. As regards medically indicated abortion, 
we wanted to explore the algorithms proposed by the 
national agency ATIH for hospitalisation. First, we 
explored medical abortion from one delivery procedure 
code and a gestational age greater than or equal to 22 
weeks of gestation (WG) and one of the codes specifying 
stillbirth (Z37.11, Z37.31, Z37.41, Z37.61, Z37.71). The 
PPV and the sensitivity were 91.5% (90.5 to 92.5) (kappa 
index=0.91, almost perfect agreement). The other algo-
rithms (only newborn discharge abstract, or the associa-
tion of maternal and newborn discharge abstracts) were 
not more powerful.

Regarding medical abortion linked to a fetal condition, 
the same algorithm was used, but the diagnosis code O35 
(as the primary diagnosis) was added. The PPV was equal 
to 88.9% (87.8 to 90.0) and the sensitivity was equal to 
75.9% (74.4 to 77.4) (kappa index=0.81, almost perfect 
agreement).

According to the ATIH algorithm, among the codes 
specifying stillbirth (Z37.1, Z37.3, Z37.4, Z37.6, Z37.7 
or O36.4 or O31.2), stillbirth presented a PPV of 89.4% 
(88.3 to 90.5) and a sensitivity of 95.4% (94.7 to 96.1) 
(kappa index=0.92, almost perfect agreement).

When the P95 code was added, the sensitivity increased 
to 99.2% but the PPV dropped to 60.6%, with a substan-
tial agreement for the kappa index nonetheless (k=0.73).

The concordance rate between vital status and the 
diagnosis codes for medical abortion from newborn 
discharge abstracts was 98.6% (98.2 to 99.0) for singleton 
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pregnancy. In case of multiple pregnancies, the rate was 
100% for all children.

The concordance rate between vital status and the 
diagnosis codes for stillbirth from newborn discharge 
abstracts was 95.4% (94.7 to 96.1) for singleton preg-
nancy. For multiple pregnancies, the rate was 99.7% for 
the first- born or the second- born child, and 100% for the 
third- born child.

newborn indicators
The concordance rate of newborn weight was 91.3% 
(90.3 to 92.3) in singleton pregnancy. The rate was 79.1% 
(70.5 to 87.7) for first- born and second- born in cases of 
multiple pregnancy. The concordance using Deming 
regression is presented in figure 1. As regards the first- 
born child, the median gap between the newborn weight 
mentioned in the medical record and the weight speci-
fied in the discharge abstract was 100 g. The same gap was 
estimated for the first- born or second- born child in case 
of multiple pregnancies.

Transfer in utero
Sixty- one cases of in utero transfer were identified in 
the medical records, while only 30 cases were identified 
in the discharge abstracts. The PPV was 56.7% and the 
sensitivity was 27.9%, with a fair agreement for the kappa 
index (k=0.37).

DISCuSSIOn
Main findings
To our knowledge, this is the first time a national valida-
tion study has been done for perinatal algorithms from 
the French national hospital database. The frequency of 
data observed in discharge abstracts was sometimes very 
close to those observed in medical records, particularly 
for maternal characteristics, pregnancy characteristics 
(parity, type of pregnancy, type of delivery, stillbirth, 
termination of pregnancy for medical reasons) and child 
birth weight. However, we found the algorithms for preg-
nancy disorders to be insufficient.

The results of our study may allow researchers to target 
the best performing algorithms. For example, the best 
case- finding algorithm of premature deliveries presented 
substantial agreement, while the concordance rate of 
gestational age at delivery was almost perfect. It appears 
that gestational age associated with the onset of delivery 
should be taken into account when exploring prematurity.

It is very important to adjust the design of a study to 
the quality of the available data. The case- finding algo-
rithms which present lower PPV and/or sensitivity can 
be used for descriptive purposes if the total number of 
women is close to what is expected. Regarding premature 
labour, the concordance between the hospital database 
and medical records was poor according to the diagnosis 
code required by the technical agency for information 
on hospital care (ATIH) that managed the hospital data 
(O60.0). We explored other diagnosis codes recorded at 

the end of the hospitalisation for delivery or at the end 
of at least one hospitalisation during the pregnancy, 
which improved concordance slightly. This result may be 
explained by several factors: there is no consensus on the 
clinical definition, and the definition of diagnosis codes 
is subject to interpretation. However, the best performing 
algorithm estimated the prevalence of premature 
labour to 5.4%. In France, a national perinatal survey is 
conducted at regular intervals on a representative sample 
of births. In 2016, this survey estimated that hospitalisa-
tion for premature labour occurred in 5.4% of women. 
These results were close to those of the national perinatal 
survey conducted in 2010.9 However, our sample design 
could significantly increase this rate.

For longitudinal epidemiological studies, caution is 
required in case of very low sensitivity and/or PPV. For 
these studies, it is better to use case- finding algorithms 
that provide substantial or perfect agreement. In a pilot 
study from 2012 based on 20 cases of gestational diabetes 
from 300 medical records, our team found a PPV of 
88.9% (74.3–100) and a sensitivity of 72.7% (54.1–91.3). 
The current study found similar results despite a slight 
improvement in sensitivity. Unfortunately, we are not 
able to compare the frequency of gestational diabetes 
with other studies in France because of the artificially 
increased prevalence in our sample (14.5% in our study 
vs 10.8% in the 2016 national perinatal survey). The use 
of a complementary French database for ambulatory 
care (reimbursement of treatment, biological testing 
and medical devices) could improve the identification 
of women with GDM, but the metrological quality of this 
algorithm has not yet been assessed. In case of stillbirth 
or termination of pregnancy for medical reasons, it seems 
possible to study these two indicators not only for descrip-
tive studies, but also for longitudinal studies. Similar to 
what is already done for maternal mortality,30 the French 
hospital database could monitor these two additional 
indicators.

On the contrary, it would be unwise in the current 
situation to use the French hospital database to under-
take longitudinal studies on certain pregnancy disorders 
because of their low PPV and sensitivity. Several factors 
may explain low predictive value or sensitivity seen in 
these disorders. First, the original and main objective of 
this standardised database is hospital financing, and a 
number of procedure or diagnosis codes are not allocated 
to medical fees. Certain diagnoses that are not financially 
valuated may remain uncoded.

Furthermore, we explored the identification of severe 
PPH via obstetrical procedures. One of the two proce-
dures studied (uterine check post natural placental 
delivery) concerns only a very small proportion of this 
type of procedures. In most cases, placental delivery 
occurs after intravenous oxytocin injection (84%), so the 
placental delivery can no longer considered natural.9 The 
procedure code no longer corresponds to clinical reality 
in these cases, and improvements are needed in terms of 
information quality.
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Strengths and limitations
We conducted a validation study comparing individual 
data from the hospital discharge abstract with medical 
records. Some limitations have to be acknowledged. The 
data collection was performed by a perfectly trained clin-
ical research associate but not by a medical specialist, such 
as an obstetrician or a midwife. In addition, the maternity 
units included in our study were not distributed equally 
throughout the French territory. The results of our study 
investigated national data and are therefore useful for 
studies carried out on a national scale, but regional or 
local studies would need a local evaluation as a result of 
interhospital variability.

Our study also has some strengths. First, in France 
almost all deliveries occur in a hospital. Second, we 
explored a large number of perinatal indicators, whereas 
many studies focus on a single condition.22 31–33 Overall, 
70 items were collected for each hospital stay by a single 
clinical research associate. Third, despite the challenges 
of recruiting centres that would have to dedicate consider-
able time to the study, our national study included mater-
nity units of all types and with all volumes of deliveries. 
Finally, we explored more than 3200 pairs of medical 
records–discharge abstracts.

COnCluSIOn
This first national validation study of a large set of peri-
natal algorithms provides valuable information for 
researchers about the quality of the French national 
hospital database. For certain case- finding algorithms, 
our results suggested that this database may be an appro-
priate data source for epidemiological studies. For others 
(with low PPV/sensitivity), we would discourage longi-
tudinal studies. In recent years, a professionalisation of 
the staff in charge of health information coding may be 
an important lever for improving the quality of infor-
mation. Moreover, the joint association of the French 
hospital database and ‘National System of Health Data’ 
(SNDS - Système National des Données de Santé)database, 
which collects individual non- hospital healthcare data, 
may improve case identification of some conditions that 
impact the course of pregnancy.
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