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Motivacion

El estudio de las causas de los fallecimientos
constituye una fuente de informacién
fundamental para la planificacién y elaboracién
de politicas ptblicas de salud de un pafs.




Motivacion

Saber por qué (a causa de qué) mueren
las personas, constituye un insumo
fundamental para entender cémo viven

las personas.




Objetivos

Analizar el comportamiento temporal y espacial de los fallecimientos por

causas especiﬁcas en la Argentina.



Objetivos

Analizar el comportamiento temporal y espacial de fallecimientos por causas especiﬁcas en la

Argentina.

Repetir el anilisis de forma sencilla, con diferentes conjuntos de causas

especificas de fallecimientos, respetando los sistemas de codificacién CIE-9 o

CIE-10.
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Causa (periodo CIE-9,
perfodo CIE-10)
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Informacidon de entrada




{7 Argentina.gOb.ar Buscar trdmites, servicios o dreas

Inicio / Ministerio de Salud / Direccidn de Estadisticas e Informacién de la Salud

Direccion de Estadisticas e
Informacion de la Salud

Producimos, difundimos y analizamos estadisticas relacionadas con condiciones de vida y
problemas de salud.

Indicadores bdsicos Publicaciones Datos

Guias COVID-19

Enfermedad por COVID-19: Guia para la certificacion médica de las causas de
muerte

Descargar

Enfermedad por COVID-19: Guia para la codificacién de las causas de muerte

Descargar

Procesamiento

¢ Como podemos ayudarte?
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Informacién de entrada

Estimaciones de

poblacién
1990 - 2040
= tadisticas €
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Procesamiento




Informacién de entrada

>
Direccién de Esta‘l;s;:\':\;
\nformaqon de

Entrada Procesamiento .

principal

\

Min de Salud




Procesamiento

D
A
—> —>
CS:
\ ¥




Procesamiento -
Tasa de Mortalidad por Causas Especificas (CSMR): Ntmero de fallecimientos por
una causa especifica / Muertes totales en una poblacién especifica, en un tiempo especifico.

CSMR detalladas: Agrupando, filtrando por grupo etario, sexo, categorfa de cédigo de

deceso.

Prevalencia: Numero de fallecimientos por una causa especifica / Poblacién especifica, en un

punto especiﬁco del tiempo.
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Nacional, Grupo etario,
Regional, Afo,
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Cilculo:
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ANO JURIREG PROVRES DEPRES CAUSAMUERCIE10 TIEMGEST PESOFETO Unnamed:7 Unnamed: 8
0 19940 62.0 62.0 NaN A41 20.0 300.0 NaN NaN
1 19940 62.0 62.0 NaN A41 350 2600.0 NaN NaN
2 19940 6.0 6.0 NaN A50 340 3050.0 NaN NaN
3 19940 6.0 6.0 NaN A50 33.0 2000.0 NaN NaN
4 19940 6.0 6.0 NaN A50 37.0 3070.0 NaN NaN
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ANO JURIREG PROVRES DEPRES CAUSAMUERCIE10 TIEMGEST PESOFETO Unnamed:7 Unnamed: 8

1994.0
1994.0
1994.0
1994.0

~ W N = O

1994.0

62.0
62.0
6.0
6.0
6.0

62.0
62.0
6.0
6.0
6.0

NaN
NaN
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NaN
NaN

A41
A41
A50
A50
A50

200
350
34.0
33.0
37.0

300.0
2600.0
3050.0
2000.0
3070.0

NaN
NaN
NaN
NaN
NaN

NaN
NaN
NaN
NaN
NaN



ANO JURIREG PROVRES DEPRES CAUSAMUERCIE10 TIEMGEST PESOFETO Unnamed:7 Unnamed: 8

0 19940 62.0 62.0 NaN A41 20.0 300.0 NaN NaN

1 19940 62.0 62.0 NaN A41 35.0 2600.0 NaN NaN

2 19940 6.0 6.0 NaN A50 34.0 3050.0 NaN NaN

3 1994.0 6.0 6.0 NaN A50 33.0 2000.0 NaN NaN

4 19940 6.0 6.0 NaN A50 37.0 3070.0 NaN NaN

LPREY
df provincial.tail()
df_regional.head() df_departamental.head()
provincia_id afo fallecimientos

region_nombre afio fallecimientos 667 10 2015 35 departamento_id afio fallecimientos
0 RegionA 1994 4603 668 10 2016 19 0 99123 2006 3
1 Region A 1995 4365 669 10 2017 21 1 99123 2007 4
2 Region A 1996 4425 670 10 2018 226 2 99123 2010 2
3 Region A 1997 4114 671 10 2019 233 3 88456 1997 6
4 Region A 1998 4146 4 88456 1998 6
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ANO JURIREG PROVRES DEPRES CAUSAMUERCIE10 TIEMGEST PESOFETO Unnamed:7 Unnamed: 8

0 1994.0 62.0 62.0 NaN Ad1 20.0 300.0 NaN NaN
1 19940 62.0 62.0 NaN Ad1 350 2600.0 NaN NaN
2 1994.0 6.0 6.0 NaN A50 340 3050.0 NaN NaN
3 1994.0 6.0 6.0 NaN AS50 33.0 2000.0 NaN NaN
4 19940 6.0 6.0 NaN A50 37.0 3070.0 NaN NaN
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Conjunto Configuracién
de Cédigos de grupos
CIE-10 etarios

z region_nombre afio fallecimientos
PARAMETROS 0 Regona 1904 4003
1 RegionA 1995 4365
@ 2 Region A 1996 4425
3 RegionA 1997 4114
4 Region A 1998 4146
id afio
10 2015 35
10 2016
10 2017
10 2018
. 10 2019
Procesamiento R
departamento_id afio fallecimientos
0 99123 2006 3
1 99123 2007 4
2 99123 2010 2
3 88456 1997 6
4 88456 1998 6
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TIPS AND TRICKS

On writing clean Jupyter notebooks

10 recommendations for writing readable and maintainable notebooks

Image by author

Notebooks are a magnificent tool to explore data, but such a powerful tool can
become hard to manage quickly. Ironically, the ability to interact with our data
rapidly (modify code cells, run, and repeat) is the exact reason why a
notebook may become an obscure entanglement of variables that are hard to
understand, even to the notebook’s author. But it doesn’t have to be that way.
This post summarizes my learnings over the past few years on writing clean
notebooks.
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On writing clean Jupyter notebooks

10 recommendations for writing readable and maintainable notebooks
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Notebooks are a magnificent tool to explore data, but such a powerful tool can
become hard to manage quickly. Ironically, the ability to interact with our data
rapidly (modify code cells, run, and repeat) is the exact reason why a
notebook may become an obscure entanglement of variables that are hard to
understand, even to the notebook’s author. But it doesn’t have to be that way.
This post summarizes my learnings over the past few years on writing clean
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Ploomber Documentation

Get Started Analytics
Moc

Use Cases

e Analytics

Ploomber is a fantastic tool for data manipulation and generating analytical.reperts:

User Guide

Load dataset A — Clean dataset A
Cloud TN
Deployment Merge — Generate report
Cookbook | 2™

Load dataset B — Clean dataset B
API Reference
Community
» Example: BigQuery and Cloud Storage pipeline
v Example: Exploratory data analysis pipeline

Terminal (shell) Click to copy

Modularize your project

Instead of coding everything in a single notebook (which is difficult to maintain and collaborate), you can quickly break down your analysis into multiple
parts.

Faster iterations

Finding data insights is an iterative process, with Ploomber's incremental bu

ds you can rapidly iterate on your data since the framework skips redundant
computations and only executes tasks whose source code has changed since the last execution.

Automated report generation

Once your pipeline is ready, you can easily create HTML reports from your scripts/notebooks. Just change the extension of the task, and Ploomber will
automatically convert the output for you.

Something not working? Ope 006 Text editor
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ProfileReport(df, title="Clean Data Profiling Report")
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df = pd.read_csv(upstream['clean']['data’'])

df .head()

_ = df['species’'].value_counts().plot(kind="'ba

fig = px.histogram(df, x="bill_length_mm")
fig.show()

sns.pairplot(df, hue="s

:", height=3,diag_kind="hist")
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_ = df['species’'].value_counts().plot(kind="'bar")
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fig.show()

sns.pairplot(df, hue="species"”, height=3,diag_kind="hist")
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name an? Elapsed (s)

. 80789
clean > . 10755
profile-clean 3 . 13636
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Conclusiones



1) Modularizacién — mantenimiento



Modularizacién — mantenimiento

ANO PROVRES DEPRES CUENTA
0 19940 20 1.0 1380.0
1 19940 20 2.0 1321.0
2 19940 20 3.0 881.0
3 19940 2.0 40 933.0
4 19940 20 5.0 1951.0
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Modularizacién — mantenimiento

ANO PROVRES DEPRES CUENTA
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4 19940 20 50 19510
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Modularizacién — mantenimiento
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Modularizacién — mantenimiento

Procesamiento




2) Modularizaciéon — evolucion



ANO JURIREG PROVRES DEPRES CAUSAMUERCIE10 TIEMGEST PESOFETO Unnamed:7 Unnamed: 8

0 19940 62.0 62.0 NaN A41 20.0 300.0 NaN NaN
1 19940 62.0 62.0 NaN A41 35.0 2600.0 NaN NaN
2 1994.0 6.0 6.0 NaN A50 340 3050.0 NaN NaN
3 1994.0 6.0 6.0 NaN AS50 33.0 2000.0 NaN NaN
4 19940 6.0 6.0 NaN A50 37.0 3070.0 NaN

%)\x"

3 88456 1997 6

4 88456 1998 6
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3) Mejora la interaccion del equipo
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4) Parametrizaciéon — Reutilizacion
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