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Abstract. Epidemiologist, Scientists, Statisticians, Historians, Data en-
gineers and Data scientists are working on �nding descriptive models
and theories to explain COVID-19 expansion phenomena or on build-
ing analytics predictive models for learning the apex of COVID-19 con-
�rmed cases, recovered cases, and deaths evolution time series curves.
In CRISP-DM life cycle, 75% of time is consumed only by data prepa-
ration phase causing lot of pressures and stress on scientists and data
scientists building machine learning models. This paper aims to help re-
ducing data preparation e�orts by presenting detailed data preparation
repository with shell and python scripts for formatting, normalising, and
integrating Johns Hopkins University COVID-19 daily data via three
normalisation user stories applying data preparation at lexical, syntac-
tic & semantics and pragmatic levels, and four integration user stories
through geographic, demographic, climatic, and distance based similarity
dimensions, among others. This paper and related open source reposi-
tory will help data engineers and data scientists aiming to deliver results
in an agile analytics life cycle adapted to critical COVID-19 context.
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Data preparation, Data normalisation, Data integration.

1 Introduction

Johns Hopkins University has provided a github repository with, among oth-
ers, daily fresh data about COVID-19 pandemic con�rmed cases, recovered cases,
and deaths evolution [1]. Epidemiologist, Scientists, Statisticians, Historians,



Data engineers and Data scientists are working on �nding models and theories
to explain and predict COVID-19 expansion phenomena. Our paper aims to help
reducing data engineers and data scientists data preparation e�orts, by present-
ing detailed data preparation layer for formatting, normalising, and integrating
Johns Hopkins University COVID-19 daily data via three normalisation user
stories applying data nomalisation at lexical, syntactic & semantics and prag-
matic levels, and four, among others, integration user stories through geographic,
demographic, climatic, and distance based similarity. Our data integration and
analytics approach for this paper, and for handling COVID-19 crisis in general
is building Minimum Viable Model, Platform, and Data Product through agile
analytics [2].

2 COVID-19 Data Normalisation

The current data normalisation step is based on a Linux/Unix data prepa-
ration Shell script that formats Johns Hopkins University COVID-19 three �les :
time_series_covid19_confirmed_global.csv, time_series_covid19_deaths_global.csv,
or time_series_covid19_recovered_global.csv to be ready for data analytics ac-
cording to four di�erent user stories.

To set the data normalisation goals and to enable its broad use, requirements
will be formalised as user stories.

◦ Data Engineer User Story 1 : Data Format Normalisation (Lexical
level) : modify countries and dates values to enable time series dates arith-
metic, and scalable data post-processing in a notebook or a data �ow lan-
guage.

◦ Data Engineer/ScientistUser Story 2 : Data Representation Normali-
sation (Syntactic & Semantic level) : merge province/state with country/re-
gion columns and remove not null values to be compliant to unique key
database constraint, visual load (and relatively optimise storage), and repre-
sent countries evolution shapes of con�rmed case, death, or recovered case on
a absolute standard real date time axis for temporal relational databases/-
multidimensional data warehouses/NoSQL data stores loading and analysis.

◦ Data Scientist User Story 3 : Data Temporal Normalisation (Prag-
matic level) : shift left all countries COVID-19 time series to their D0 (Date
of �rst not-null Value either for con�rmed, deaths or recovered), and rename
all date columns names as D0..Dn to represent countries evolution shapes of
con�rmed case, death, or recovered case on a relative abstract date time
axis.



2.1 User Story 1 - Data Format Normalisation (�Lexical level)

As a Data Engineer, I would like to be able to :

1. remove or replace speci�c characters,
2. and format dates columns names,
3. with keeping column names line (�rst data row).

In order to :

1. enable time series dates arithmetic
2. and enable scalable data post-processing in a notebook or a data

�ow language

Intent and Motivation The aim of this user story is to transform COVID-19
data set �le by (i) removing '"', '*' characters, (ii) replacing non separator ',' by '-
' character (e.g. "Korea, South"→ Korea-South, Taiwan*→ Taiwan) important
for normalising country names necessary in further join queries with other coun-
try keyed data sets, (iii) normalising column dates names into "%m/%d/%Y"
date formatted columns (eg. 3/2/20→ 03/02/2020) enabling further date arith-
metic and manipulation (e.g. duration calculations, manipulate programatically
Date D0 of �rst COVID-19 of a country, or Date of nth death, etc.), with (iv)
keeping �rst columns names line.

Applicability A Data engineer needs format normalisation 'user story 1' for :

◦ performing join queries between COVID-19 data set and other country keyed
data sets.

◦ performing date arithmetic operations like di�erence between two dates or
addition/subtraction of a period to a given date necessary for advanced
database time windows queries, temporal data warehouse drill-down and
roll-up, or time series value predictions.



Code in sh

Listing 1.1: User Story 1 - Data Format Normalisation in Bourne Shell

1 specific=$1
2

3 INPUT_JHU_FILE=./COVID-19/csse_covid_19_data/
csse_covid_19_time_series/time_series_covid19_${
specific}_global.csv

4

5 sed "s/, /-/" ${INPUT_JHU_FILE} |
6 sed "s/\"//g" |
7 sed "s/\*//" | sed -E "s/\,(.)\//,0\1\//g" |
8 sed -E "s/\/(.)\//\/0\1\//g" |
9 sed -E "s/\/20([^/])/\/2020\1/g" |

10 sed -E "s/\/20$/\/2020/g"| sed -E "s/,($)/,0\1/g" > ./
output_data/time_series_covid19_${specific}_global-
us1-normalisation.csv

Output �le name The user story output �le name is as follows ./output_data/
time_series_covid19_$1_global-us1-normalisation.csv depending on script passed
parameter either confirmed, deaths or recovered.

Figure 1 shows a sample of last week before April 3rd, 2020 of time_series_
covid19_deaths_global-us1-normalisation.csv �le sorted alphabetically by Coun-
try/Region column (ascending order), and lexically transformed by user story
1.

2.2 User Story 2 - Data Representation Normalisation (�Syntactic &
Semantic level)

As a Data Engineer/Scientist, I would like to be able to

1. merge the two �rst data set key columns to create a composite pri-
mary key (�Syntactic level),

2. remove null values (�Semantic level),
3. with and without column names line (�rst data row).

In order to :

1. compare countries evolution shapes of con�rmed case, death, or re-
covered case on a same absolute date time axis.

2. application scenarios :

(a) sub-Scenario 2.1 : enable for example to load the data set in a
spread sheet with column names line.

(b) or sub-Scenario 2.2 : enable loading databases (see [3] for
COVID-19 HBase NoSQL storage, and Hive SQL querying ap-
plication case studies) with all row except the column names
line.



Fig. 1: A sample of April 3rd 2020 JHU data transformed by user story 1



Intent and Motivation The aim of this user story is to transform COVID-19
data set �le to a sparse �le by (i) keeping only not null values (e.g. for better
Matrix visualisation in spreadsheets, or optimised NoSQL storage), (ii) merging
the two �rst columns to form a composite key separated by a '~' character (i.e.
concatenating province/state with country/region separated by '~' character.),
with (iii) keeping �rst columns names line.

Applicability A Data engineer/scientist needs representation normalisation
'user story 2' for :

◦ providing compliance with databases unique key constraint.

◦ enabling date manipulation for programming languages/scripts and for tem-
poral relational databases/multidimensional data warehouses/NoSQL data
stores.

◦ decreasing visual load when manipulating a COVID-19 numerical matrix,
enabling clean curves tracing, and relatively optimised storage on disk and
memory.

◦ representing and comparing countries evolution shapes of con�rmed case,
death, or recovered case on a absolute standard real date time axis.

Code in sh

Listing 1.2: User Story 2/sub-Scenario 2.1 - Data Representation Nor-
malisation in Bourne Shell

1 sed "s/,0,/,,/g" ./output_data/time_series_covid19_${
specific}_global-us1-normalisation.csv |

2 sed -E "s/([,]+)0,/\1,/g" |
3 sed -E "s/,0($)/,\1/" |
4 sed "s/^,/~/" |
5 sed -E "s/([a-z A-Z]+),([a-z A-Z]+)/\1~\2/" > ./

output_data/time_series_covid19_${specific}_global-
sparse-with-formatted-column-names-us2-1-
normalisation.csv

Listing 1.3: User Story 2/sub-Scenario 2.2 - Data Representation Nor-
malisation in Bourne Shell

1 tail -n +2 ./output_data/time_series_covid19_${
specific}_global-sparse-with-formatted-column-names
-us2-1-normalisation.csv > ./output_data/
time_series_covid19_${specific}_global-sparse-us2
-2-normalisation.csv



Output �le name The user story output �le name is as follows :

� for sub-Scenario 2.1 : ./output_data/
time_series_covid19_$1_global-sparse-with-formatted-column-names-us2-1
-normalisation.csv depending on script passed parameter either confirmed,
deaths or recovered.

� for sub-Scenario 2.2 : ./output_data/
time_series_covid19_$1_global-sparse-us2-2-normalisation.csv depending on
script passed parameter either confirmed, deaths or recovered.

Figure 2 shows a sample of last two weeks before April 3rd, 2020 of time_series
_covid19_confirmed_global-sparse-with-formatted-column-names-us2-1-
normalisation.csv �le generated by user story 2/sub-Scenario2.1 syntactic and
semantic rules, and sorted on April 3rd, 2020 (last column) (descending order)
under a visual spreadsheet.

Figure 3 shows a sample of �rst two weeks after the detection of �rst COVID-
19 con�rmed case in United States January 22nd, 2020 of the same time_series
_covid19_confirmed_global-sparse-with-formatted-column-names-us2-1-
normalisation.csv �le generated by user story 2/sub-Scenario2.1 , and sorted on
last April 3rd, 2020 column (descending order). One may remark sparse repre-
sentation.

2.3 User Story 3 - Data Temporal Normalisation (�Pragmatic level)

As a Data Scientist, I would like to be able to

1. shift all countries COVID-19 time series to D0 (Date of �rst not-null
Value either for con�rmed, deaths or recovered)

2. rename all date columns names as D0..Dn.

In order to :

1. compare countries evolution shapes of con�rmed case, death, or re-
covered case on a relative date time axis.

Intent and Motivation The aim of this user story is to transform COVID-
19 data set �le to a relative time axis by shifting left all countries COVID-
19 time series (i.e. rows values) to D0 (Date of �rst not-null Value either for
con�rmed, deaths or recovered), and and renaming all date columns names as
D0..Dn necessary for comparing evolution shapes independently of their real
�rst date for con�rmed cases, deaths, or recovered cases.

Two di�erent (respectively equivalent) values vi,k and vj,k for two countries
(i.e. row) i and j mean that at their same COVID-19 evolution kth logical day
Dk, the two countries are at di�erent (respectively equivalent) levels for con-
�rmed, number of deaths or recovered cases. However, Dk real Dates for the
two countries i and j are physically di�erent (a di�erent columns indexed values



semantics/context for each country (row) dependently to their relative D0 real
date � pragmatics).

Applicability A Data scientist needs temporal normalisation 'user story 3' for:

◦ representing, comparing analytically and visually, countries evolution shapes
of con�rmed case, death, or recovered case on a same relative abstract
date time axis. Especially, when one knows that there are reference COVID-
19 critical and lucky evolution shapes.

◦ compute distances between comparable windows of two countries evolution
time series of di�erent D0 (see section 3.4).

Code in sh

Listing 1.4: User Story 3 - Data Temporal Normalisation in Bourne Shell

1 ./days.sh ‘head -n 1 ./output_data/
time_series_covid19_${specific}_global-sparse-with-
formatted-column-names-us2-1-normalisation.csv |

2 sed "s/,/\t/g"‘ > ./output_data/time_series_covid19_${
specific}_global-sparse-shifted-to-D0-us3-
normalisation.csv

3

4 cat ./output_data/time_series_covid19_${specific}
_global-sparse-us2-2-normalisation.csv |

5 sed -E "s/([,]+)((,[0-9]+)((,[0-9]*)*))/\2\1/" |
6 sed "s/^~//" |
7 sed "s/~/-/" >> ./output_data/time_series_covid19_${

specific}_global-sparse-shifted-to-D0-us3-
normalisation.csv

1

Listing 1.5: days.sh shell script for renaming all date columns names to
D0..Dn.

1 suite=""
2 limit=‘expr $# - 4‘
3 for i in $(seq 0 $limit) ; do
4 suite="$suite,D$i"
5 done
6 echo "$1,$2,$3$suite"

1 simple sed -E "s/([,]+)((,[0-9]+)+))/\2\1/" regular expression trans-
lation command would be more logical than sed -E "s/([,]+)((,[0-9]+)
((,[0-9]*)*))/\2\1/", however some dirty data contain null values (i.e. "�"



Output �le name Depending on script passed parameter either confirmed,
deaths or recovered, the user story output �le name is as follows ./output_data/
time_series_covid19_$1_global-sparse-shifted-to-D0-us3-normalisation.csv.

Figure 4 shows a sample of April 3rd, 2020 time_series_covid19_deaths_global-
sparse-shifted-to-D0-us3-normalisation.csv �le generated by user story 3 pragmatic
rule with regards to each country D0, and sorted on D24 column (descending
order) under a visual spreadsheet.

2.4 Normalisation Technical aspects

◦ Normalisation OS & Software Installation Prerequisites : (1) A Lin-
ux/Unix environment is requested for running the data Normalisation shell
script, and (2) git tools are necessary for pulling data.

◦ Normalisation Data Collection Prerequisites : COVID-19 Data should
be collected each day from Johns Hopkins University Center for Systems
Science and Engineering (JHU CCSE) github repository (e.g around 2.00
am GMT+1).

Listing 1.6: Pulling COVID-19 Data

1 #kbaina is my local home directory, change it to your
home directory or another directory

2 cd /home/kbaina/
3

4 git clone https://github.com/CSSEGISandData/COVID-19.
git COVID-19/

5

6 cd ./COVID-19/
7

8 git pull

◦ Normalisation Input : The unique data Normalisation script parameter
is a value among 'confirmed', 'deaths' or 'recovered', used for naming pulled
gihub Johns-Hopkins University data source �le :
./COVID-19/csse_covid_19_data/csse_covid_19_time_series/
time_series_covid19_$1_global.csv
(either time_series_covid19_confirmed_global.csv,

time_series_covid19_deaths_global.csv,
or time_series_covid19_recovered_global.csv).

◦ Normalisation script Name : normalisation_flow.sh

◦ Normalisation script Language : Bourne Shell (sh).

◦ Normalisation script Calls Scenarios :

sparse coding) between two not null values (e.g. Iceland, Kazakhstan death values,
or Australia-Northern territory con�rmed values.



Listing 1.7: Scenario 1. Run all 3 normalisation user stories on
time_series_covid19_con�rmed_global.csv

1 chmod u+x ./normalisation_flow.sh
2

3 ./normalisation_flow.sh confirmed

Listing 1.8: Scenario 2. Run all 3 normalisation user stories on
time_series_covid19_deaths_global.csv

1 ./normalisation_flow.sh deaths

Listing 1.9: Scenario 3. Run all 3 normalisation user stories on
time_series_covid19_recovered_global.csv

1 ./normalisation_flow.sh recovered

3 COVID-19 Data Integration

After normalising data, Data scientists may need to explain and test eventual
correlations hypotheses between COVID-19 evolution and propagation and dif-
ferent features either geographic, demographic, climatic or only visualise COVID-
19 data on a speci�c region either economic, political, organisational or coop-
eration based. In the following, some integration steps are proposed in order to
enrich previously normalised COVID-19 data with with additional features.

3.1 User Story 1 - Geographic Data Integration

As a Data Engineer/Scientist, I would like to be able to :

1. add geographic features to quantitative time series,

In order to :

1. enable time series exploration, sorting, aggregation and analysis by
geographic dimension.

Intent and Motivation The aim of this user story is to position previoulsy
normalised COVID-19 data within each continent. In fact, each country row rep-
resenting related times series (either con�rmed, recovered or deaths) is cobbled
with its continent using United Nations open data source [4]. 2

2 To be compliant with JHU data, we added to this list three new items : Taiwan,



Applicability A Data engineer needs geographic integration 'user story 1' for:

◦ performing geographic abstraction on COVID-19 evolution.

◦ performing spread simulation over time between geographic regions accord-
ing to their interactions (e.g economic exchange, and international mobility,
etc.).

◦ performing geographic analysis about COVID-19 with additional regional
based health, social, and economic indicators.

Figures 5 and 6, and 7 show examples, among others, of visualisation based
on geographic dimension data integration, that the author published on social
networks.

3.2 User Story 2 - Demographic Data Integration

As a Data Engineer/Scientist, I would like to be able to :

1. add demographic features to quantitative time series,

In order to :

1. enable time series exploration, sorting, aggregation and analysis by
demographic dimension.

Intent and Motivation The aim of this user story is to integrate each country
time series of previoulsy normalised COVID-19 data with demographic informa-
tion among population size, density, land area, migrants, fertility rate, medium
age, urban population rate as provided by [5].

Figure 8 shows an example, among others, of visualisation showing an illus-
trative demograhic data integration, that the author published on social net-
works.

3.3 User Story 3 - Climatic Data Integration

As a Data Engineer/Scientist, I would like to be able to :

1. add climatic features to quantitative time series,

In order to :

1. enable time series exploration, sorting, aggregation and analysis by
climatic dimension.

Laos, and West Bank and Gaza



Intent andMotivation Knowing that climatic correlation hypothesis on spread
and transmission of COVID-19 is an interesting research spot [6�8], the aim of
this user story is to convert raw latitude data (as one of the most important
factors determining the climate) into useful climatic zones features.

In fact, two climatic zones classi�cations have been integrated to the COVID-
19 previously normalised data (1) seven zones classi�cation according to [9] (Zone
1 - Polar, Zone 2 - Arctic, Zone 3 - Subarctic, Zone 4 - Midlatitude, Zone 5
- Subtropical, Zone 6 - Tropical, and Zone 7 - Equatorial), and (2) three zones
classi�cation according to [10] (Zone 1 - Frigid, Zone 2 - Temperate, and Zone
3 - Torrid). Tables 1 and 2 show used climatic zones altitude conversion rules.

North Polar [ 75° (N) , 90° (N)]
Arctic [ 60° (N) , 75° (N) [

Subarctic [ 55° (N) , 60° (N) [
Midlatitude [ 35° (N) , 55° (N) [
Subtropical [ 25° (N) , 35° (N) [
Tropical [ 10° (N) , 25° (N) [
Equatorial [ 10° (S) , 10° (N) [
Tropical [ 25° (S) , 10° (S) [

Subtropical [ 35° (S) , 25° (S) [
Midlatitude [ 55° (S) , 35° (S) [
Subantarctic [ 60° (S) , 55° (S) [
Antarctic [ 75° (S) , -60° (S) [
South Polar [ -90° (S) , 75° (S) [

Table 1: Climatic Zones conversion rules according to [9]

Climatic Zone Latitude Interval Earth Surface

rate

North Frigid [ 66.5° (N) Arctic Circle , 90° (N) North Pole ] 4.12%

North Temperate [ 23.5° (N) Tropic of Cancer , 66.5° (N) Arctic Circle [ 25.99%

Torrid [ 23.5° (S) Tropic of Capricorn , 23.5° (N) Tropic of Cancer [ 39.78%

South Temperate [ 66.5° (S) Antarctic Circle , 23.5° (S) Tropic of Capricorn [ 25.99%

South Frigid [ 90° (S) South Pole , 66.5° (S) Antarctic Circle [ 4.12%

Table 2: Climatic Zones conversion rules according to [10]

Figure 9 shows an example, among others, of visualisation based on climatic
dimension data integration, that the author published on social networks.



3.4 User Story 4 - Similarity based Data Integration

As a Data Engineer, I would like to be able to :

1. compute distances between quantitative time series,

In order to :

1. enable similarity based analysis of time series sets.

Intent and Motivation The aim of this user story is to compute a distance
measure (described in algorithms 1, and 2) between time series enabling Data
scientists to analyse eventual clustering polarities in terms of times series evolu-
tion shapes focused on monitored countries.

Let ts1, and ts2 be two COVID-19 evolution time series either for con�rmed,
recovered or deaths (i.e. two rows of output �le produced by user story 1 - see
section 2.1). Figure 1 shows a simple fragment of targeted time series. The func-
tion distance(ts1, ts2) (see algorithm 1) computes quantitative distance between
two countries evolution COVID-19 time series (i) shifted to the same D0 (Date
of �rst not-null Value - either for con�rmed, deaths or recovered) (see section
2.3 for information about this temporal normalisation), and (ii) restricted to the
minimum size of both time series.

Algorithm 1 Time series distance algorithm

1: procedure distance(tscountry1 , tscountry2) . computes a distance measure
between two time series

2: day01 = min( argminday tscountry1(day) )
. argmind ts(d) = {x | ts(d) = mind′ ts(d

′)} retuns all day-indexes
minimising ts time series. . So day0i will be the �rst not null value day-index of a
time series tscountryi (i.e. tscountryi day0 index).

3: day02 ← min( argminday tscountry2(day) )
4: window ← |tscountry1 | −max( day01, day02 )

. |ts| returns number of ts columns (size of oldest time series), which
is the same for all COVID-19 time series of the same family (con�rmed, recovered
or deaths).

5: sum←
∑d1=day01+window − 1,d2=day02+window − 1

d1=day01,d2=day02
(tscountry1(d1)− tscountry2(d2))

2

6: distance[country1][country2]←
√
sum

7: distance[country2][country1]← distance[country1][country2]
8: end procedure

Applicability A Data scientist needs integration 'user story 4' for :

◦ adding countries names as rows in monitored_countries.csv �le, so distance
of those monitored countries is computed with all countries.



Algorithm 2 Time series distance Computing for all monitored countries

1: procedure computing_similarities_with(monitored_countries) . Computing
distance for all countries time series with monitored countries time series

2: for countryi in countries do
3: for countryj in monitored_countries do
4: distance(tscountryi , tscountryj )
5: end for

6: end for

7: end procedure

◦ tracking COVID-19 evolution in some speci�c countries that have neither
geographic, nor demographic, or climatic relations.

◦ discovering countries time series similar to those tracked countries.

Figure 10 show an example, among others, of visualisation based on similarity
data integration, that the author published on social networks.

3.5 User Story 5 - Regional, Political, Economic, or Organisational
Data Integration

As a Data Engineer/Scientist, I would like to be able to :

1. add additional (Regional, Political, Economic, or Organisational)
features to quantitative time series,

In order to :

1. enable time series exploration, sorting, aggregation and analysis by
such contextual dimensions.

Intent and Motivation The aim of this user story is to integrate the previ-
ously normalised COVID-19 data with additional �le sources to supervise speci�c
group of coutries like : the Group of Seven [11], the League of Arab States [12],
the Euro Zone [13], the Schengen Area [14], and the Islamic World Educational,
Scienti�c and Cultural Organization (ICESCO) members [15]. Many oher other
organisations can be integrated EU countries, commonwealth countries, BRICS
(Brazil, Russia, India, China, South Africa), etc.

Applicability A Data scientist needs integration Regional, Political, Economic,
or Organisational 'user story 5' for :

◦ analysing geostrategically COVID-19 spread in some countries with speci�c
regional, political, economic, or organisational relations beside geographic,
demographic, and climatic or similarity based dimensions.



Figures 11 and 12 show examples, among others, of visualisation based on po-
litical, and organisational dimension data integration, that the author published
on social networks.

3.6 Integration Technical aspects

◦ Integration OS & Software Installation Prerequisites : (1) Normali-
sation OS & Software Installation Prerequisites, and (2) python 3 3.

◦ Integration Prerequisites : COVID-19 Data should be normalised accord-
ing to user story 1 producing time_series_covid19_$1_global-us1-normalisation.csv
output �le.

◦ Integration Input : (1) The unique data Integration script parameter is
a value among 'confirmed', 'deaths' or 'recovered', used for naming prepared
Johns-Hopkins University data source �le through our nomalisation user
story 1 :
time_series_covid19_$1_global-us1-normalisation.csv
(either time_series_covid19_confirmed_global-us1-normalisation.csv,

time_series_covid19_deaths_global-us1-normalisation.csv,
or time_series_covid19_recovered_global-us1-normalisation.csv). Also,
(2) one may update monitored_countries.csv �le.

◦ Integration script Name : integration_flow.py, and full_dataflow.sh
◦ Integration script Language : Bourne Shell (sh), and Python.
◦ Integration script Calls Scenarios :

Listing 1.10: Scenario 1. Run all 5 integration user stories on
time_series_covid19_con�rmed_global-us1-normalisation.csv

1 chmod u+x ./full_dataflow.sh
2

3 ./full_dataflow.sh confirmed

Listing 1.11: Scenario 2. Run all 5 integration user stories on
time_series_covid19_deaths_global-us1-normalisation.csv

1 ./full_dataflow.sh deaths

Listing 1.12: Scenario 3. Run all 5 integration user stories on
time_series_covid19_recovered_global-us1-normalisation.csv

1 ./full_dataflow.sh recovered

◦ Output �le name :
Operationally, the �ve integration user stories are run all together, and the
integration user stories output �le names re�ect this behaviour as follows :

3 This paper integration python code has been tested with version 3.8.2



In fact, either the �ve integration user stories are run (i) on top of normalisa-
tion user story 1 and produces ./output_data/time_series_covid19_$–specific˝
_formatted-us1-normalisation-with-full-integration.csv

or (ii) on top of normalisation user story 2 (sub-scenario 2.1) and produces
./output_data/time_series_covid19_$–specific˝_formatted-sparse-us2-1-normalisation-
with-full-integration.csv

or (iii) on top of normalisation user story 3 and produces , and ./output_data/time_series_covid19_
`$–specific˝_formatted-sparse-shifted-to-D0-us3-normalisation-with-full-integration.csv
depending on ${specific} integration script parameter with values either con-
firmed, deaths or recovered.



Code in sh

Listing 1.13: full_data�ow.sh shell script running end to end normalisa-
tion shell and Python integration data�ow

1 #!/bin/sh
2

3 if [ $# -eq 0 ]
4 then
5 echo "syntax ./$0 recovered | confirmed | deaths"
6 exit
7 else
8 case "$1" in
9 "recovered" | "confirmed" | "deaths")

10 specific=$1
11 ;;
12 *)
13 echo "syntax ./$0 recovered | confirmed | deaths"
14 exit
15 ;;
16 esac
17 fi
18

19 # pre-processing : normalisation
20 ./normalisation_flow.sh ${specific}
21

22 # processing : integration
23 ./integration_flow.py ${specific} > ./output_data/

time_series_covid19_${specific}_formatted-us1-
normalisation-with-full-integration.csv

24

25 # post-processing :
26 head -n 1 ./output_data/time_series_covid19_${specific

}_formatted-us1-normalisation-with-full-integration
.csv > ./output_data/time_series_covid19_${specific
}_formatted-sparse-us2-1-normalisation-with-full-
integration.csv

27 ./days_bis.sh ‘head -n 1 ./output_data/
time_series_covid19_${specific}_formatted-us1-
normalisation-with-full-integration.csv‘ > ./
output_data/time_series_covid19_${specific}
_formatted-sparse-shifted-to-D0-us3-normalisation-
with-full-integration.csv

28 tail -n +2 ./output_data/time_series_covid19_${
specific}_formatted-us1-normalisation-with-full-
integration.csv |

29 sed "s/, 0,/,,/g" |
30 sed -E "s/([,]+) 0,/\1,/g" |
31 sed -E "s/, 0($)/,\1/" | tee ./output_data/

time_series_covid19_${specific}_formatted-sparse.
tmp.csv |

32 sed -E "s/([,]+)((,[ 0-9]+)((,[ 0-9]*)*))/\2\1/" >> ./
output_data/time_series_covid19_${specific}
_formatted-sparse-shifted-to-D0-us3-normalisation-
with-full-integration.csv

33 cat ./output_data/time_series_covid19_${specific}
_formatted-sparse.tmp.csv >> ./output_data/
time_series_covid19_${specific}_formatted-sparse-
us2-1-normalisation-with-full-integration.csv



4 Conclusion & Discussion

Aiming to deliver in an agile analytics life cycle adapted to critical COVID-19
context, this paper presents detailed (i) three user stories applying data prepa-
ration at lexical, syntactic & semantics and pragmatic levels as data preparation
helpers for data engineers and data scientists, and (ii) four integration user sto-
ries through geographic, demographic, climatic, and distance based similarity
dimensions, among others. A normalisation and integration repository provides
open source Shell and Python code. Table 3 synthesizes the new integration
features this paper added to JHU data after normalisation phase. 4

There are some limitations to this paper : (i) using shell and standalone
python scripts instead of integrated Notebooks, (ii) executing manually and
generating manually graphs on a spread sheet instead of an automated end-to-
end devops delivery data�ow, (iii) no statistical or machine learning ideas have
been developing neither for describing data nor for predicting times series Apex,
or clustering all countries, and (iv) According to Data scientists analysis needs,
more other countries related features can be additionally integrated related to
massive testing, non-pharmaceutical public health measures, universal BCG vac-
cination policies, or countries hydroxychloroquine related protocol for treating
COVID-19.

The author is aware of all those limitations. In fact, for the two �rst lim-
itation, an agile analytics style with Minimum Viable Data Product approach
has been followed [2]. This approach prioritises results quality, with respecting
critical delays delivery (like those of COVID-19 crisis) with no time for rhetoric
discussions neither on technical platform versions, or distributions of standalone
versus clouded Notebooks, or automated devops delivery design, and/or cloud
object storages with di�erent APIs and related security for data �le storage, and
no time for porting from one environment to another, etc. However, one may
need advanced toolkits for advanced data post-processing using data structures,
utility packages, and execution kernels not provided by shell scripting languages
and runtime environments. With regards to the two last limitations, the author
has prepared the normalisation, and integration layer to build, as a perspective,
an analytical layers integrating machine, and deep learning capabilities.

This work aims to help scientists and data scientists shortening data prepa-
ration phase which is time consuming cording to CRISP-DM life cycle special-
ists. It is to be taken as a leveraging bootstrap for speci�c data preparation
phase in COVID-19 analytics Big Data projects targeting for instance to in-
tegrate COVID-19 evolution time series with medical/biology best practices,
COVID-19 mutations, scienti�c papers results, or to study correlations between
COVID-19 time series with humidity data, people telco mobility during countries
lockdown phases, or to analyse recurrent COVID-19 contamination causality, or
to study similarities with other historical pandemics evolution data like SARS-

4 Due to integration constraints some country names of the table's cited sources, used
as mapping keys, have been adapted to JHU normalised data form (an example
among many others : Czech Republic becomes Czechia, orMyanmar becomes Burma)
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Table 3: Synthesis of new features resulted from Integration of normalised JHU
data with external sources



CoV, MERS-COV, or to compare evolution with spreading information from
social networks, etc. The more integration you do on the data generated by the
author scripts with other data sets (e.g. continents, median age, population, test-
ing numbers, virus contamination rates, etc.), the more features you will have
and the more this work will leverage your COVID-19 data experience. Hurry
Up, and share your experience for the world scientists.

5 Appendix : How to download open source normalisation

and integration scripts, master data �les, and materials

of this paper ?

To download continuously data engineering Shell & Python scripts, master
data �les and reporting graphs discussed in this paper, you can access, and clone
the author gitlab repository at [16].
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Fig. 2: A sample of April 3rd 2020 JHU data transformed by user story 2 with
last two weeks column names line and sorted on April 3rd, 2020



Fig. 3: A sample of April 3rd 2020 JHU data transformed by user story 2 with
last two weeks column names line and sorted on April 3rd, 2020



Fig. 4: A sample of April 3rd 2020 JHU data transformed by user story 3 and
sorted on D24



Fig. 5: An example of visualisation based on geographic dimension : COVID19
deaths distribution by continents on May 28th, 2020

Fig. 6: An example of visualisation based on geographic dimension : Evolution
Shapes of COVID19 deaths of Africa continent countries on May 28th, 2020



Fig. 7: An example of visualisation based on geographic dimension : Evolution
Shapes of COVID19 deaths of European continent on April 19th, 2020



Fig. 8: An example of visualisation showing an illustrative demograhic data :
COVID19 con�rmed cases with Morocco similar time series on April 6th, 2020

Fig. 9: An example of visualisation based on climatic dimension : COVID19
deaths distribution by climatic zones on May 28th, 2020



Fig. 10: An example of visualisation based on similarity based data integration
: COVID-19 deaths in countries like Morocco and Argentina among others with
the same shape (distance based) as South Korea on May 1st, 2020



Fig. 11: An example of visualisation based on geographic dimension : COVID-19
deaths evolution in Schengen Area on May 19th, 2020

Fig. 12: An example of visualisation based on geographic dimension : COVID-19
deaths evolution in Schengen Area on May 19th, 2020


