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Abstract

Background Biological studies suggested that the COVID-19 outbreak in France occurred before the first official
diagnosis on January 24, 2020. We investigated this controversial topic using a large collection of chest CTs performed
throughout French emergency departments within 6 months before the 1st lockdown.

Results Overall, 49,311 consecutive patients (median age: 60 years, 23,636/49,311 [47.9%] women) with available
chest CT images and reports from 61 emergency departments between September 1, 2020, and March 16, 2020 (day
before the 1st French lockdown), were retrospectively included in this multicentre study. In the macroscopic analysis
of reports automatically (labelled for presence of ground glass opacities [GGOs], reticulations, and bilateral and sub-
pleural abnormalities), we found a significant breakpoint on February 17, 2020, for the weekly time series with 1, 2
and >3 of these 4 radiological features, with 146/49,311 (0.3%) patients showing bilateral abnormalities and ground
glass opacities (GGOs) from that day. According to radiologists, 22/146 (15.1%) CT images showed typical character-
istics of COVID-19, including 4/146 (2.7%) before February 2020. According to hospital records, one patient remained
without microbial diagnosis, two patients had proven influenza A and one patient had concomitant influenza

A and mycoplasma infection.

Conclusion These results suggest that SARS-CoV-2 was not circulating in the areas covered by the 61 emergency
departments involved in our study before the official beginning of the COVID-19 outbreak in France. In emergency
patients, the strong resemblance among mycoplasma, influenza A and SARS-CoV-2 lung infections on chest CT
and the nonspecificity of CT patterns in low prevalence periods is stressed.

Critical relevance statement \We proposed here an innovative approach to revisit a controversial real’start

of the COVID-19 pandemic in France based on (1) a population-level approach combining text mining, time series
analysis and an epidemiological dataset and (2) a patient-level approach with careful retrospective reading of chest
CT scans complemented by analysis of samples performed contemporarily to the chest CT. We showed no evidence
that SARS-CoV-2 was actively circulating in France before February 2020.
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Key points
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1. Emergency teleradiology databases enable both population-level and patient-level analyses and facilitate revisiting

the beginning of the COVID-19 pandemic.

2. The rates of typical COVID-19 chest CTs did not increase before February 2020.
3. Typical COVID-19 chest CTs before February 2020 were diagnosed as influenza A and mycoplasma pneumonia.

Keywords Computed tomography, Time series analysis, Coronavirus disease 2019, SARS-CoV-2, Report text mining
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* Emergency teleradiology databases enable both
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19 pandemic.
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Background

Coronavirus disease 2019 (COVID-19) has become
endemic worldwide. Latest radiological researches on
COVID-19 have shown that the omicron strain and espe-
cially the newer omicron variant (BA.5) of the severe
acute respiratory syndrome coronavirus 2 (SARS-CoV-2)
led to higher rates of transmission and decreased sever-
ity of infection, subsequently acting as an endemic
viral infection [1-3]. To better anticipate the next pan-
demic, health agencies investigated the first weeks of the
COVID-19 outbreak.

The first French patients with biologically proven
SARS-CoV-2 infection were diagnosed on January 24,
2020 [4, 5]. Spreading of the disease seemed contained
during February but rapidly increased in March, from
37 patients with positive RT-PCR on March 1, 2020, to

4611 patients on March 28 [4, 5]. This number is proba-
bly underestimated because tests were developed in late
January by the French National Reference Center and
available in hospitals from March. Consequently, con-
troversies arose about the start of the COVID-19 pan-
demic. Retrospective RT-PCRs performed on stored
samples from patients with flu-like symptoms in inten-
sive care units (ICUs) in the Paris region in December
2019 and January 2020 identified one positive patient
[6]. Carrat et al. identified 11 positive patients from the
CONSTANCES cohort between November 2019 and
January 2020 [7]. Overall, these studies suggested that
SARS-CoV-2 was already circulating in France weeks
before the first official cases.

Teleradiology uses interoperable information tools
for imaging requests, reports and storage with the
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ability to rapidly collect data from all the centres work-
ing with a given partner. IMADIS is fully dedicated to
remote interpretation of emergency imaging through-
out France. We showed that the number of chest CTs
performed in a workflow devoted to COVID-19 was
strongly correlated with the number of patients hos-
pitalised for proven COVID-19 infection, ICU admis-
sion and COVID-19-related deaths [8]. Moreover,
several studies have stressed the diagnostic accuracy
of chest CT for COVID-19 and its ability to assess dis-
ease extension [9-12], which has been formalised into
diagnostic and severity scores promoted by radiologi-
cal societies since April 2020 [1, 13, 14]. According to
the French Society of Radiology—French Society of
Thoracic Imaging (SFR-SIT) diagnostic score, a typical
chest CT had an accuracy of 83-87.9% and a compat-
ible or typical chest CT had an accuracy of 84-88.1%
to diagnose positive RT-PCR for SARS-CoV-2 [9]. Inte-
grating semantic radiological features into predictive
models could improve those performances [15, 16].
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Consequently, given the accuracy of chest CT to diag-
nose COVID-19, our goal was to complement the biologi-
cal investigation from an imaging perspective [6, 7]. Using a
large collection of reports of chest CTs performed through-
out France during the months before the official outbreak,
our aim was to investigate whether typical COVID-19 chest
CTs were already prevalent and whether biological analyses
could confirm the radiological suspicions.

Materials and methods

Study design and data collection

This multicentre observational retrospective study
was approved by the SFR institutional review board
(CRM-2103-147).

We included all consecutive patients with available
radiological reports who underwent CT scans covering
the entire or partial chest between September 1, 2019,
and March 16, 2020 (day before the 1st lockdown), in the
emergency workflow of 61 French partner hospitals of
IMADIS teleradiology. Figure 1 shows the flow chart.

!

72,690 patients in the IMADIS database between 2019-09-01 and 2020-03-16
- 983 Patients addressed for MRI

71,707 patients with a CT-scan or 2" advice on CT-scan

- 22,393 Patients without at least partial chest CT-scan acquisition

49,314 patients with a CT-scan protocol covering entirely or partly the chest

- 3 Patients without entire radiological report

49,311 finally-included patients with entire radiological report available

- =
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Fig. 1 Study flowchart and workflow. Abbreviations: GGO, ground glass opacities
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IMADIS teleradiology is a French medical company
dedicated to the interpretation of medical imaging for
private and public emergency departments throughout
France. The teleradiology interpretation protocol met
the French recommendations for teleradiology practice.
Requests by emergency physicians were received from
partner hospitals at our teleradiology centres (Lyon,
Bordeaux and Marseille, during the study period), using
teleradiology software (ITIS, Deeplink Medical, Lyon,
France). The images were securely transferred over a vir-
tual private network to a local picture archiving and com-
munication system for interpretation (Carestream Health
12, Rochester, NY, USA). Images were then interpreted
by one of the 167 board-certified radiologists working
at IMADIS during the study period. Those radiologists
had various backgrounds but at least 2.5 years of experi-
ence in emergency imaging. They analysed the imaging in
dedicated emergency reading rooms in the teleradiology
centres during their on-call duty. The CT protocols were
automatically and prospectively encoded in the IMADIS
database, which enabled to filter the observations entirely
including the chest, and those partly covering the chest,
namely, the dorsal spine, the abdomen-pelvis (bottom
part of the chest) and CT angiography of the supra-aortic
trunks (upper part of the chest).

Data collection consisted in patients’ age, sex, date of
CT interpretation, imaging protocol (coverage and use
of contrast medium), location of the partner depart-
ment and whether it was located in a French region
where the COVID-19 initially spread (i.e. ‘Grand-Est,
‘Ile-de-France, ‘Bourgogne-Franche-Comté, ‘Auvergne-
Rhone-Alpes, or ‘Provence-Alpes-Cote-d’Azur, which is
also shown on Fig. 2) [5]. The annual number of visits to
these centres and the number of inhabitants in the areas
covered by these centres were estimated according to the
data provided by each hospital.

We also collected the number of COVID-19 patients
during the study period from the epidemiological dataset
available at data.gouv.fr, an open-source platform pro-
moted by French authorities and ‘Santé Publique France’
(SPF dataset) [5]. It must be noted that the SPF dataset
and the IMADIS radiological dataset were independent.

Annotating raw texts

First, we annotated each radiological report using text
mining to identify those reports where radiologists noted
the presence of ground glass opacities (GGOs), intralob-
ular reticulations, or bilateral and subpleural lung abnor-
malities in the results and/or conclusion sections. Next,
the texts were imported into R (v4.1.0, Vienna, Austria)
and preprocessed using the ‘stringr’ package (github.
com/tidyverse/stringr, v1.5.0). French accents were
removed, and letters were converted to lowercase.
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To detect GGOs in textual reports, we first captured
the entire sentences containing the French for ‘GGO’
in singular or plural form, including the most com-
mon spelling mistakes. We identified whether negative
formulations were used preceding GGO in captured
sentences by looking for the presence of French equiva-
lents for ‘no; ‘not, ‘neither, ‘without’ or ‘absence of’
If no negative formulation was found, reports were
labelled ‘GGO positive’ (and ‘negative’ otherwise).

The same approach was used for ‘reticulation’ to iden-
tify ‘reticulation positive’ reports.

Regarding bilateral abnormalities, we captured sen-
tences containing the word ‘bilateral’ Since bilateral
abnormal findings can be found outside the chest that
have no link to COVID-19, we identified sentences
in which ‘bilateral’ was accompanied by the French
equivalents for ‘reticulation, ‘GGO); ‘fibrosis; ‘fibrotic,
‘consolidation, ‘band, ‘opacities, ‘attenuation’ or ‘hon-
eycomb! We removed sentences with negative formu-
lations before ‘bilateral’ The reports matching these
constraints were labelled ‘bilateral positive’

Regarding subpleural abnormalities, the same
approach was used as for ‘bilateral’ abnormalities,
except that we captured sentences containing French
equivalents for the following variations: ‘sub pleura,
subpleura, or ‘sub-pleura. Matching reports were
labelled ‘subpleural positive’

Quality control of the annotations

To verify the accuracy of these algorithms, we per-
formed a quality control. For each of the four radiologi-
cal variables, we randomly sampled 100 distinct reports
from the entire corpus of reports (50/100 [50%] with
positive labels and 50/100 [50%] with negative labels).
These 100 reports were carefully read, blinded to the
labels from the algorithms, by one senior radiologist
(A.Cr.,, with 5 years of experience in emergency radi-
ology after board certification) in order to provide a
reference for the four radiological variables and to con-
firm that the error rate of the algorithms was <10% (i.e.
accuracy >90%). In case of doubtful depiction in the
sentences of the reports, the radiologist had access to
the CT images.

We also calculated the sensitivity, specificity, negative
predicted value (NPV), positive predicted value (PPV)
and area under the ROC curve (AUROC) with 95% con-
fidence interval (CI) of the four annotation algorithms.

Afterwards, we created a new variable named ‘num-
ber of positive features; which ranged from 0 to 4
depending on the number of labels for ‘positive GGO;
‘positive reticulation, ‘positive bilateral’ and ‘positive
subpleural’
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Fig. 2 Location of the 61 IMADIS partner centres involved in the study. The centres are indicated with red dots. The great regions
where the SARS-CoV-2 virus initially spread are highlighted with thick borders and their names are in bold. Abbreviations: A.R.A, Auvergne Rhone
Alpes; B.FC, Bourgogne Franche Comté; C.V.L, Centre Val de Loire; G.E.,, Grand Est; H.F, Haut de France; LF, lle de France; N.A., Nouvelle Aquitaine;

PA.CA, Provence Alpes Cote d’Azur; PL., Pays de la Loire

Identifying target CT scans

The next step was to identify CT scans to be reviewed by
expert radiologists to detect those highly suspicious for
COVID-19. As the presence of subpleural GGOs was con-
stantly depicted as specific, we filtered observations with
both ‘positive GGO’ and ‘positive subpleural’ labels and
named them ‘target CT scans’ (published PPV =0.81) [9].

Radiological analysis of target CT scans

Seven radiologists reviewed the target CT scans: C.D.,
A.Co., HN,, G.G, EC,, N.F. and TJ., with 1, 5, 3, 12,
2, 7 and 6 years of experience as senior radiologists in
emergency imaging, respectively. Additionally, A.Co.,
H.N,, EC., N.F. and T.J. had expertise in chest imag-
ing with at least 2 years of specialisation in thoracic

imaging department from French University Hospitals
after their board certification. CT scans were randomly
distributed so that three distinct radiologists analysed
each scan. They reported the following radiological fea-
tures (all binary and categorised as ‘yes’ or ‘no’) blinded
to initial reports and to other radiologists’ results: (1)
GGO; (2) band-like consolidation; (3) intralobular
reticulations; (4) GGO as the predominant pattern;
(5) subpleural area as the predominant location of
abnormal findings; (6) abnormal findings affecting >2
lobes; (7) bronchitis syndrome; (8) SFR-SIT diagnostic
score (categorised as I: no pathologic findings, II: non-
SARS-CoV-2 infections, III: indeterminate, IV: find-
ings compatible with COVID-19, V: findings typical
for COVID-19; Fig. 3) [1]. For each binary radiological
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Fig. 3 French’Société Francaise de Radiologie’ and 'Société Frangaise d'lmagerie Thoracique' adapted classifications for the radiological findings

in the setting of a suspicion of coronavirus disease 2019 (COVID-19), or SFR-SIT diagnostic score, categorised as the following: a I: no pathologic
findings; b Il: non-SARS-CoV-2 infections (herein, bacterial bronchopneumonitis, black arrowheads); ¢ lll: indeterminate (herein, subtle subpleural
condensations, white arrowhead); d IV: pathologic findings compatible with COVID-19 (herein, a unique subpleural area of ground glass opacity,
white arrowhead); e V: pathologic findings typical for COVID-19 lung disease (i.e. multiple ground glass opacities seen in > 2 lobes, with a subpleural
predominant locations, possibly associated with band-like condensations and reversible fibrosis). All CT images are in axial plane and lung kernel

variable (1-7), the consensus result corresponded to
the most frequent finding across the 3 radiologists.

The radiologists were also asked to propose an alterna-
tive compatible diagnosis, if possible.

Clinical and biological investigations in patients with high
suspicion of COVID-19

Patients were considered to have highly suspicious chest
CTs if the reviewing radiologists classified the CT scan as
at least SFR-1V, including at least two SFR-V scores (i.e.
SFR-V-V-V and SFR-IV-V-V). At the time of our analysis,
most follow-up data were available in our shared infor-
mation system, enabling us to obtain results from com-
plementary serology or RT-PCR.

Algorithmic predictions

Based on the analyses of the 7 radiologists, we computed
the probability of positive SARS-COV-2 RT-PCR accord-
ing to two publicly available algorithms, one relying on a
classification and regression tree (CART) and the second
on stepwise logistic regression (Step-LR) [16]. Details
regarding the models are provided in Supplementary
Data S1.

Statistical analysis

Statistical analysis was performed using R (v4.1.0, Vienna,
Austria). All tests were two-tailed. A p-value <0.05 was
deemed significant.

Time series analysis

For each week, we calculated (i) the total number of CT
scans interpreted, (ii) the number of CT scans with 1,
2, 3 and 4 positive features identified with text mining
and (iii) the number of target CT scans. This data frame
was converted to a time series using the ‘xts’ package
(github.com/joshuaulrich/xts, v0.12.1). We then applied
the breakpoints function from the ‘strucchange’ package
to investigate whether and when significant structural
changes and breaks occurred during the study period
(github.com/cran/strucchange, v1.5-2). This function
uses a dynamic programming algorithm and identi-
fies the optimal number of breakpoints in a time series
(considered piecewise linear models) that minimises the
residual sum of squares (RSS) and the number of param-
eters in the model according to the Bayesian information
criterion (BIC) [17].

Moreover, we compared the age, sex, locations, radio-
logical characteristics and the number of positive radio-
logical features in patients from September 2019 to
November 2019 (included) and in patients from Decem-
ber 2019 to February 2020 (i.e. once the COVID-19
pandemic started). We used either chi-square tests for
categorical variable or unpaired ¢-test or Mann—Whitney
test for numeric variables depending on D’Agostino kur-
tosis normality test (which applied for dataset with more
than 5000 observations, contrarily to classical Shapiro—
Wilk normality test). Patients included in March 2020
were excluded as the SARS-CoV-2 was known to actively
spread in France at that time [5].
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Interobserver reproducibility of radiological analysis

and algorithm predictions in target CT scans

Since multiple readers analysed different subsets of tar-
get CT scans, we used Krippendorft’s alpha (o) from the
‘irr’ package (github.com/staudlex/irr, v0.84.1) [18]. The
95%CIs were computed using bootstrapping on 1000 rep-
licates of the population.

Agreement between the initial and second readings

of the target CT scans

We calculated the percentage of agreement and Kappa
index between the initial prospective CT scan report
and the second retrospective readings performed for the
presence of GGOs and reticulations.
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Results

Characteristics of the cohorts and text annotations

Of the 72,690 patients in the IMADIS database dur-
ing the study period (addressed for MRI or CT scans),
49,311 patients from 61 partner centres were finally
included and their CT scans were interpreted by 167
radiologists (Fig. 1). The median patient age was 60 years
(range: 0—100). There were 23,636/49,311 (47.9%) female
patients (Table 1).

Supplementary Data S2 shows the different CT scan-
ners used for the acquisition. Regarding partner cen-
tres, 42/61 (68.9%) were located in the French regions
where the outbreak started (Fig. 2), which represented
31,793/49,311 (64.5%) of all included examinations.
Those centres represented about 2,159,515 annual

Table 1 Characteristics of the study population and of patients with a report mentioning the presence of ground glass opacities and

subpleural abnormal findings on chest CT scan (i.e. target reports’)

Characteristics All patients (n=49,311) Target reports (n=146)
Sex

Women 23,636/49,311 (47.9%) 56/146 (38.4%)

Men 25,675/49,311 (52.1%) 90/146 (61.6%)
Age (years)

Mean+SD 5774227 643+19.7

Median (range) 59.9 (0-100.1) 67.1 (15.3-95.7)

Contrast medium injection
No
Yes

Coverage of the chest
Entirely
Partly (top)
Partly (bottom)
Partly (dorsal spine)

No. of positive text features

0
1
2
3
4

Presence of GGO
Positive

Presence of intralobular reticulation

Positive

Presence of bilateral lung abnormalities

Positive

Presence of subpleural lung abnormalities

Positive

11,607/49,311 (23.5%)
37,704/49,311 (76.5%)

16,708/49,311 (33.9%)
10,138/49,311 (20.6%)
20,531/49,311 (41.6%)
1934/49,311 (3.9%)

46,207/49,311 (93.7%)
2539/49,311 (5.1%)
494/49,311 (1%)
65/49,311 (0.1%)
6/49,311 (0.01%)
1721/49,311 (3.5%)
263/49,311 (0.5%)

1324/49,311 (2.7%)

438/49,311 (0.9%)

47/146 (32.2%)
99/146 (67.8%)

137/146 (93.8%)
3/146 (2.1%)
6/146 (4.1%)
0/146 (0%)

0/146 (0%)
0/146 (0%)
97/146 (66.4%)
43/146 (29.5%)
6/146 (4.1%)
146/146 (100%)
33/146 (22.6%)

22/146 (15.1%)

146/146 (100%)

Data are numbers of patients with percentages in parentheses except for age
Abbreviations: GGO ground glass opacities, SD standard deviation



Crombé et al. Insights into Imaging (2024) 15:14

patients’ visits per year and covered a population basin
of 5,744,088 inhabitants.

The performances of the rule-based algo-
rithms for automatically annotating the reports are
given in Table 2. Their accuracy ranged from 93%
(95%C1=86.1-97.1%) for the ‘subpleural’ label-
ling to 99% (95%CI=94.6—-100%) for ‘reticulation’
labelling. Similarly, their AUROC ranged from 0.93
(95%CI=0.89-0.98) for ‘subpleural’ labelling to 0.99
(95%CI=0.97-1) for ‘reticulations (Fig. 4).

A total of 1721/49,311 (3.5%) reports were positive
for GGOs, 263/49,311 (0.5%) were positive for reticula-
tions and 1324/49,311 (2.7%) and 438/49,311 (0.9%) were
positive for bilateral and subpleural lung abnormalities,
respectively. Overall, 2539/49,311 (5.1%) reports exhib-
ited one of these 4 features, 494/49,311 (1%) exhibited
two features, 65/49,311 (0.1%) exhibited three features
and 6/49,311 (0.01%) exhibited four features.
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Combining GGOs and subpleural lung abnormali-
ties resulted in 147/49,311 (0.3%) CT scans. One was
excluded due to impossible image extraction, leading
to 146 target CT scans. The characteristics of the entire
population and the target CT scan subgroup are also
shown in Table 1.

Time-series analysis

The highest number of CT scans occurred on February
24, 2020 (n=2031). The highest number of target CT
scans occurred in the last week of the study (n=234, 160,
49, and 14 observations, respectively). Supplementary
Data S3 shows the raw time series.

Figure 5 represents the total number of reports and
the number of reports with 1, 2 and >3 positive features
in each week. There was a significant breakpoint on the
week of February 17, 2020, for these last 3 variables (low-
est BICs for this week=257.1, 200.4 and 133.01) but not

Table 2 Performances of the rule-based models developed to automatically annotate the texts of the radiological reports

Variable investigated Accuracy Errorrate  Sensitivity Specificity PPV NPV AUROC

with text mining

GGO positive 98 (93-99.8) 2% 96 (86.3-99.5) 100 (92.9-100)  93.9(83.6-97.2)  97.3(86.6-99.1)  0.98(0.95-1)
Reticulation positive 99 (94.6-100) 1% 98 (89.4-99.9) 100 (92.9-100) 95.6 (85.3-98.2) 974 (86.8-99.1) 0.99 (0.97-1)
Bilateral positive 98 (93-99.8) 2% 96.2 (86.8-99.5) 100 (92.6-100) 93,6 (83-97.1) 974 (87.1-99.1) 0.98 (0.95-1)
Subpleural positive 93 (86.1-97.1) 7% 96 (86.3-99.5) 90 (78.2-96.7) 95.7 (85.2-98.9) 90.6 (80.7-95.7) 0.93 (0.89-0.98)

For each variable, the performances are estimated on 100 randomly sampled patients with a prevalence of 50% regarding the feature of interest

All measurements are given with 95% confidence interval

Abbreviations: AUROC area under the ROC curve, GGO ground glass opacity, NPV negative predicted value, PPV positive predicted value
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Fig.4 ROC curves of the four rule-based algorithms for automatic annotations of the reports. Abbreviations: GGO, ground glass opacities
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for the total number of reports. Indeed, the trends of the
corresponding time series (Fig. 5B—D) were flat over-
all and then demonstrated a marked increase until the
end of the inclusion period, which matched the marked
increase in RT-PCR-positive cases recorded by SPF
(Fig. 5E).

The comparisons of patients included from Septem-
ber 2019 to November 2019 against those included from
December 2019 to February 2020 showed no signifi-
cant results except for (1) patients’ age (p=0.0098), with
slightly older patient the second time period on average
(57.4+22.7 years vs. 57.9£22.7 years), and for (2) pres-
ence of reticulations (p=0.0307) with lower proportion
of patients between December 2019 and February 2020
(103/24,018 [0.4%)] vs. 122/21,154 [0.6%]) (Table 3).

Radiological analysis of target patients

We confirmed the accuracy of the text mining approach
by comparing the raw texts with the provided tags. In
the 146 selected reports, we found no mistakes (i.e. accu-
racy =100% for the four radiological features).

Second, we compared the initial radiological read-
ings with the consensus of the 3 retrospective readings
(Table 4): the agreement for GGOs was 98.6% (144/146);
GGOs were present according to only 1 of the 3 radi-
ologists for 2 patients (Kappa=0.98, 95%CI=0.96-1,
»<0.0001). However, in this subcohort, the concord-
ance for reticulations was 60/146 (41.1%) (Kappa=0.256,
95%CI=0.104—-0.399, p=0.0008).

Table 4 shows the prevalence, average predictions and
inter-rater agreements of the radiological features. The
inter-rater reproducibility of the SFR classification was
high, with a;=0.656 (95%CI1=0.601-0.717). The binary
variables with the highest and lowest inter-rater oy were
the presence of GGOs (o =0.904, 95%CI=0.885-0.923)
and bronchitis syndrome (a=0.275, 95%CI=0.188-
0.382), respectively. The inter-rater agreement of the pre-
dictions using the Step-LR model was higher than those
using the CART model (g =0.532 versus 0.288).

Overall, 37/146 (25.3%) patients were classified as SFR-
IV by at least 3 radiologists (i.e. highly suspicious, > SFR-
IV-IV-1V), including 22/146 (15.1%) classified as SFR-V
by 3 radiologists (i.e. SFR-V-V-V). Of them, 2/22 (9.1%)
patients were imaged in 2019, 2/22 (9.1%) in January

(See figure on next page.)
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2020, 4/22 (18.2%) in February 2020 and 14/22 (63.6%) in
March 2020 (Table 5).

The Step-LR predicted probabilities were significantly
higher in the SFR-V-V-V patients versus other compari-
sons (0.926+0.045 versus 0.568 +0.223, Mann—Whitney
p<0.0001) and in the patients with an SFR of at least
IV by 3 radiologists versus others (0.852+0.118 versus
0.544:+ 0.225, Mann—Whitney p <0.0001). Similar signifi-
cant results with smaller differences between groups were
found with the CART model (both p-values<0.0001,
with predicted probabilities of 0.853 +0.038 for SFR V-V-
V, 0.831+0.057 for SFR>IV-IV-V and 0.708 +0.148 for
SFR<IV-IV-1V) (Table 5).

When proposed, the alternative diagnoses in 109
remaining patients (i.e. < SFR-IV-IV-IV) were other infec-
tious (broncho) pneumonitis (n=27), interstitial diseases
(n=12), contusions (n=11), lung infarcts (n=11), pul-
monary oedema (n=5) and ventilatory disorders (n=5),
with 38 discordant proposals.

Final diagnoses in patients with high suspicion

of COVID-19 on CT scan before the official beginning

of the pandemic

Four patients were identified with typical COVID-19
chest CTs according to expert readings. In one patient
(date of chest CT: January 25, 2020), no biological sam-
ple was available, and no infection was identified. Of the
3 others, 2 patients were positive for influenza A, and one
was positive for both influenza A (using RT-PCR) and
mycoplasma pneumonia (IgM+). Their chest CTs are
displayed in Fig. 6.

Discussion
We revisited the very early phase of COVID-19 outbreak
in French emergency departments to investigate whether
there was evidence for early circulation of SARS-CoV-2
before the ‘official’ start of the pandemic. We developed
an original two-step complementary approach relying on
both radiological reports and images. We showed that at
both the macroscopic (population) level and patient level,
there was no evidence that SARS-CoV-2 was circulating
in the territories serviced by the included centres before
the official pandemic started.

Using text mining of radiological reports of a large
cohort of 49,311 chest CTs from consecutive patients

Fig. 5 Time series analysis indexed by week. A Number (no.) of CT scans performed at IMADIS teleradiology during the study period. No. of reports
with (B) 1, (C) 2, (D) 3 or 4 out of 4 text features identified by the text mining approach. E Daily number. of patients with a positive RT-PCR

for COVID-19 according to French 'Santé Publique France’ Red dotted line: February 17, 2020, i.e. break point for the presence of at least 3 radiological
labels among ‘bilateral’ ‘supleural,‘ground glass opacities’and ‘reticulations. Blue dotted lines: first official Chinese patient (November 17, 2019)

and first official patients in France (January 24, 2020)
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Table 3 Comparisons of clinical and radiological characteristics in patients included from September 2019 to November 2019 against
those included from December 2019 to February 2020

Characteristics From September 2019 to November From December 2019 to February p-value
2019 2020

Age 0.0098*
Mean+SD (range) 574+22.7 (0-99) 57.9+22.7 (0-100)

Sex 0.9287
Women 10,162/21,154 (48) 11,549/24,018 (48.1)
Men 10,992/21,154 (52) 12,469/24,018 (51.9)

French regions initially affected by the outbreak 0.1607
No 7594/21,154 (35.9) 8469/24,018 (35.3)
Yes 13,560/21,154 (64.1) 15,549/24,018 (64.7)

GGO 0.3987
Absent 20,488/21,154 (96.9) 23,227/24,018 (96.7)
Present 666/21,154 (3.1) 791/24,018 (3.3)

Reticulations 0.0307*
Absent 21,032/21,154 (99.4) 23,915/24,018 (99.6)
Present 122/21,154 (0.6) 103/24,018 (04)

Subpleural abnormal finding 0.8290
Absent 20,994/21,154 (99.2) 23,831/24,018 (99.2)
Present 160/21,154 (0.8) 187/24,018 (0.8)

Bilateral abnormal finding 0.6602
Absent 20,593/21,154 (97.3) 23,398/24,018 (97.4)
Present 561/21,154 (2.7) 620/24,018 (2.6)

No. of positive text features 0.6393
Ooutof 4 19,898/21,154 (94.1) 22,583/24,018 (94)
1 outof 4 1027/21,154 (4.9) 1199/24,018 (5)
2 outof 4 206/21,154 (1) 209/24,018 (0.9)
3outof4 22/21,154(0.1) 24/24,018 (0.1)
4outof4 1/21154(0) 3/24,018 (0)

" p<0.05—tests are chi-square tests except for patients’ age, which corresponded to unpaired Mann-Whitney test after verifying the lack of normality

Data are number of patients with percentage in parentheses, except for age
Abbreviations: GGO ground glass opacity, no number, SD standard deviation

referred to emergency departments, our dictionary and
rule-based method enabled us to label the reports for
the presence of four features, GGOs, subpleural abnor-
malities, bilateral abnormalities and reticulations, which
were systematically quoted in the definition of a typi-
cal COVID-19 chest CT in the national guidelines [19].
We purposely investigated CT scans covering entirely or
partly the chest and not radiographs in order to increase
our ability to capture radiological reports with features
suggestive of COVID-19 lung disease. Indeed, radio-
graphs are known to be less sensitive than chest CT to
detect COVID-19 lung disease (sensitivity of 56% accord-
ing to Borakati et al, with 98% of chest radiographs
being normal in asymptomatic or minimally sympto-
matic patient according to Kuo et al.) [20, 21]. Moreover,
although COVID-19 lung disease is known to predomi-
nate in the lower lobes, typical lesions are also frequent
in the right upper lobe, right middle lobe and left upper

lobe (about 65%, 55% and 70% of patients with proven
infection according to Bao et al.) [22]. Next, we plotted
the number of reports with at least one, two, three and
four features against time and analysed the time series
concomitantly with the epidemiological time series pro-
vided by French Public Health [5]. Visual analysis showed
a temporal alignment of patients with at least three and
four features (named ‘radiological time series’) with the
epidemiological time series but no anticipation of the
epidemiological time series by the radiological time
series. In addition, we identified a structural breakpoint
on February 17, 2020, but not before, which highlights
that no significant changes in the radiological time series
occurred before February 17, 2020. These results were
confirmed by a second approach in which we compared
the clinical and text features in patients included from
September 2019 to November 2019 (i.e. before the 1st
reported patient with SARS-CoV-2) against patients
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Table 4 Radiological features, algorithm predictions and inter-rater agreement in patients with ‘target reports’ (n = 146)

Characteristics

Patients?

Inter-rater agreement®

SFR-like classification®

GGO

144/146 (98.6%)

0.656 (0.601-0.717)

V-V-V 22/146 (15.1%)

V-V-IV 3/146 (2.1%)

V-IV-IV 9/146 (6.2%)

IV-IV-IV 3/146 (2.1%)

Others 109/146 (74.6%)
CART predicted probabilities 0.739+0.141 0.288 (0.2-0.39)
Step-LR predicted probabilities 0.622+0.243 0.532 (0.464-0.597)

(

GGO predominant pattern
Intralobular reticulations
Subpleural predominant pattern
bronchitis syndrome

Diffuse lesions (> 2 lobes)
Band-like condensations

110/146 (75.3%)
60/146 (41.1%)
105/146 (71.9%)
41/146 (28.1%)
100/146 (68.5%)
35/146 (24%)

0.904 (0.885-0.923)
0.367 (0.263-0.46)

0.33(0.243-0417)

0.399 (0.311-0.487)
0.275(0.188-0.382)
0498 (0.402-0.589)
0.366 (0.255-0.472)

Abbreviations: CART classification and regression trees, GGO ground glass opacities, SFR French ‘Société Frangaise de Radiologie’, Step-LR stepwise logistic regression

2 Data are number of patients (with percentage in parentheses), except for probabilities for positive RT-PCR according to the predictive models, which are mean

probability + standard deviation

® Inter-rater agreement is Krippendorff's alpha with 95% confidence interval

“The findings for SFR-like classification correspond to the 3 readings by senior radiologists X,-X,-X5, where X;&{l, II, lll, IV, V}, arranged in descending orders

included from December 2019 to February 2020. Patients
were slightly older in this second time period, which is
not surprising as it corresponds to winter in France with

Table 5 Distribution of the target reports and highly suspicious
chest CT scans (with corresponding predicted probabilities for
positive RT-PCR) over the study period

Target reports SFR>IV-IV-IV  SFR=V-V-V
(n=146) (n=37) (n=22)
No. of patients per month
September 2019 17 3 2
October 2019 13 2 0
November 2019 11 2 0
December 2019 17 0 0
January 2020 24 2 2
February 2020 21 6 4
March 2020 43 22 14
Average predicted probabilities
CART model 0.739+£0.141 0.831+0.057 0.853+0.038
Step-LR model 0.622+0.243 0.852+0.118 0.926+£0.045

Data are number of patients (with percentage in parentheses), except for
probabilities for positive RT-PCR according to the predictive models, which are
mean probability + standard deviation

Numbers in bold correspond to the patients who were included in the clinical
and biological complementary investigations

Abbreviations: CART classification and regression trees, GGO ground glass
opacities, SFR French ‘Société Francaise de Radiologie’, Step-LR stepwise logistic
regression

higher rates of visits to emergency departments and
hospitalisation for elderly. Additionally, the presence
of reticulations was significantly lower in the second
time period. It must be noted that a majority of partner
centres (68.9%) and examinations (64.5%) sampled the
French regions where the pandemic was known to start
[5].

This first part of our method also enabled us to auto-
matically identify a subset of 146 patients with bilat-
eral abnormalities and GGOs. As these features lacked
specificity for COVID-19 infection, the CT scans were
reviewed by 3 expert radiologists according to the SFR-
SIT system, and we only included the 22 patients with a
typical CT as scored by 3 out of 3 radiologists. It must
be noted that ‘typical findings for COVID-19’ according
to the SFR-SIT demonstrates similar diagnostic perfor-
mances (i.e. sensitivity=75% and specificity of 92%) as
the highest category of COVID-19 reporting and data
systems (CORADS) (i.e. sensitivity=67% and specific-
ity of 91.3% in the meta-analysis by Islam et al.) [9, 23].
To strengthen our suspicion, we applied a previously
published machine-learning model, which provided an
average probability of positive RT-PCR of 92.6% [16].
Four of these patients presented before February 2020
(2 in December 2019 and 2 in January 2020). For the 3
analysable patients, a diagnosis of influenza A infection
(with a concomitant Mycoplasma pneumonia infection)
was confirmed. The fourth patient remained without an
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Fig. 6 Differential diagnoses identified with the patients’level analysis before February 2020. a, b Fifty-one years old man with kidney transplant
addressed to the emergency for couch, dyspnoea and inflammatory syndrome in September, 2019. Final diagnosis was influenza A virus. ¢, d Fifty
years old woman without significant medical history addressed to the emergency for flu syndrome, dyspnoea and low oxygen saturation (92%).
Final diagnosis was influenza A virus. e, f Twenty-six years old male with dyspnoea, cough, inflammatory syndrome and low oxygen saturation
(93.5%), already treated with 4 days of amoxicillin. Final diagnosis was influenza A virus and Mycoplasma pneumonia co-infection. All CT images
are in axial plan and lung kernel. They showed bilateral subpleural ground glass opacities (white arrowheads) possibly combined with intralobular
reticulations (providing a crazy paving pattern) and band-like condensations

identified infectious agent. However, his diagnosis (on
January 25, 2020) occurred 1 day after the 1st official
COVID-19 patient. It must be noted that the purpose
of our work was not to develop new machine-learning
models to predict positive RT-PCR for SARS-CoV-2 (as
it would have required to obtain the RT-PCR status for
all included patients) but to re-use previously published
models that are easy to apply on new data with good
diagnostic performances in order to reinforce the suspi-
cion of COVID-19 of the target reports.

Our study emphasises the value of common informa-
tion tools as employed in teleradiological structures
working for several partners throughout a wide terri-
tory because they can rapidly provide databases that
can be analysed at different scales: (i) macroscopically,
to identify trends and breakdowns in radiological activi-
ties and findings [8], and (ii) microscopically, to identify
small groups of patients for specific biological analyses.
We believe that this two-steps approach, which combines

(i) text mining to automatically annotate radiological
reports for pathological radiological features in large
databases and (ii) time series analysis to detect abnormal
trends in the use of those radiological features over time,
could be helpful for detecting and monitoring emerging
and recurrent infectious diseases.

At both levels, the conclusions were similar: there is no
evidence that SARS-CoV-2 was already actively circulat-
ing in the areas covered by our partner hospitals. This
finding disagrees with the studies by Carrat et al. and
Apolone et al. [7, 24, 25]. They performed an enzyme-
linked immunosorbent assay (ELISA) test to detect
anti-SARS-CoV-2 IgG antibodies in patients included
in the CONSTANCES cohort (a general population-
based cohort) [26], which were complemented by neu-
tralising antibody testing. Carrat et al. found that 353
out of 9144 French adults (3.9%) had a positive IgG test
against SARS-CoV-2, including 13 patients with confir-
mation based on neutralising antibody testing, between
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November 2019 and January 2020 [7]. However, the find-
ings have been debated from a statistical point of view by
Samuel et al. and may also be due to ELISA false-posi-
tives, such as common cold coronavirus, and confidence
intervals around the results [27].

In addition to other infectious pneumonitis, differential
diagnoses for COVID-19 were not encountered in our
cohort, such as cryptogenic organising pneumonitis, pul-
monary alveolar proteinosis or acute exacerbation of pul-
monary fibrosis [28, 29]. This could be explained by the
fact that those patients are generally primarily referred to
specialised imaging departments and not to emergency
departments.

Finally, this study stressed the lower performance of
diagnostic tools developed for suspected SARS-CoV-2
infection when prevalence is low [9, 30]. According to
Ohana et al,, although the overall accuracy was preserved
regardless of the ascending, peak and descending period
of the 1st pandemic wave, the PPV appeared strongly
affected by prevalence (i.e. PPV =76% during the ascend-
ing period, for a prevalence of 37%, versus PPV =90.8%
during the peak period, for a prevalence of 64%).

Our study has limitations. First, although it involved 61
emergency departments throughout France, our cohort
did not represent the entire French territory, and some
regions were underrepresented. Additionally, although
IMADIS is dedicated to emergency radiology during on-
call period, we could not exclude that some patients were
already hospitalised; however, their CT scans were always
requested for an emergency condition and performed in
an emergency setting. Second, biological samples were
rarely available for complementary analysis. Indeed, before
the beginning of the pandemic, there was no justification
to keep blood or bronchial samples in biobanks. Third,
knowledge of the radiological CT patterns was more
superficial before the implementation of scientific pub-
lications, guidelines and educational materials following
the beginning of the pandemic. Moreover, the radiologists
who initially interpreted the imaging were not mandatorily
experts in chest imaging, so they could have missed subtle
thoracic radiological findings. This could lead to underes-
timation of the real number of affected patients. Fourth,
the population-level approach relied on the analysis of the
textual content of radiological reports and not directly on
CT image, which could bias the real presence of the four
radiological features of interest (especially if the radiologist
who initially interpreted the imaging missed the feature).
However, it would be hardly feasible to recruit a sufficient
number of senior radiologists with expertise in chest imag-
ing to review nearly 50,000 CTs. Future research could
include deep learning models able to automatically detect
interesting patterns in the chest CT image. However, false
positive and false negative findings could still be possible
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and finding human resources to verify errors on thousands
of observations will always be difficult. Fifth, more com-
plex NLP models could have been investigated to auto-
matically annotate the radiological reports, for instance
text vectorisation followed by the training and validation
of supervised machine-learning algorithms (such as ran-
dom forests, support vector machine or naive Bayes) or
Bidirectional Encoder Representations from Transform-
ers (BERT) [31]. However, since this task was simple (i.e.
to detect the presence of a radiological feature with a few
possibility to explain it verbally) and since we obtained
good performances with rule-based models, training such
models did not appear necessary.

Conclusion

In summary, we proposed an innovative approach tak-
ing advantage of both text and imaging data stored in
radiological databases to revisit a controversial issue,
namely, the ‘real’ start of the COVID-19 pandemic in
France. Using (1) a population-level approach combin-
ing text mining, time series analysis and an epidemiologi-
cal dataset and (2) a patient-level approach with careful
retrospective reading of chest CT scans complemented
by analysis of samples performed contemporarily to the
chest CT, we showed no evidence that SARS-CoV-2 was
actively circulating in France before February 2020.

Abbreviations
95%Cl 95% Confidence interval
BIC Bayesian information criterion

CART Classification and regression tree
CORADS COVID-19 reporting and data systems
COVID-19 Coronavirus disease 2019

cT Computed tomography

ELISA Enzyme-linked immunoassay

GGO Ground glass opacities

NPV Negative predictive value

PPV Positive predictive value

RSS Residual sum of squares

RT-PCR Reverse transcriptase polymerase chain reaction

sd. Standard deviation

SARS-COV-2  Severe acute respiratory syndrome coronavirus 2

SFR French ‘Société Francaise de Radiologie’ [French Society of
Radiology]

SPF French 'Santé Publique France' [France Public Health]

Step-LR Stepwise logistic regression

ok Krippendorff's alpha
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