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R has a bunch of packages implementing statistical methods and a wide

community of users.

▶ facilitates a proper implementation and automation
of modular processes in the production of Official
Statistics.
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Introduction





R is new...

Some people are afraid of R language because it is something
new (for them).

NEW???



... not so new...

(Source: Jumpingrivers)

https://www.jumpingrivers.com/blog/r-timeline/


R in official statistical production

▶ CRAN Task View: Official Statistics & Survey Statistics
https://cran.r-project.org/web/views/OfficialStatistics.html

https://cran.r-project.org/web/views/OfficialStatistics.html


R in official statistical production

▶ Awesome official statistics software
https://github.com/SNStatComp/awesome-official-statistics-software

https://github.com/SNStatComp/awesome-official-statistics-software


Context

▶ Eurostat: Working group on Open Source Software for the use in
Statistics

▶ European Comission: Open source software strategy
https://commission.europa.eu/about-european-commission/departments-and-
executive-agencies/informatics/open-source-software-strategy_en

▶ European Comission: Open Source Observatory (OSOR)
https://joinup.ec.europa.eu/collection/open-source-observatory-osor

https://commission.europa.eu/about-european-commission/departments-and-executive-agencies/informatics/open-source-software-strategy_en
https://commission.europa.eu/about-european-commission/departments-and-executive-agencies/informatics/open-source-software-strategy_en
https://joinup.ec.europa.eu/collection/open-source-observatory-osor




From SAS to R...
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Industrialization of official statistical production

▶ Standardization

▶ Automation

▶ Modularity

Advantages:

+ Reuse of processes.

+ Easier to detect bugs and errors.

+ Maintenance.

+ Resource optimisation.

+ Evolution.



Industrialization of official statistical production: Standardization

Focused on the process instead of the product, but flexible enough to be
adapted to the particularities of each product.

▶ Parameterisation: Same process can be executed for different products without
changes in the code, just changing the parameters.

▶ Reproducibility: consistent execution when it is repeated.

▶ Documentation: every part of the process is documented.

▶ Quality control.

▶ Continuous integration and deployment: CI/CD.

See paper in JOS: Data organisation and process design based on functional modularity for a standard production
process, Salgado et al. [2018].



Industrialization of official statistical production: Automation

Implementing manual processes to be executed by a machine.
Scheduling task to be executed based on a calendar.

——————–
Ex1: Generate files from collection to a repository at a time everyday.
Ex2: Trigger the execution of selective editing once all the files are available
and a date is reached.



Industrialization of official statistical production: Automation in R

Scheduling R processes in the system from R directly:

▶ cronR in Linux:

▶ Create a job: cron_add().

▶ Remove a job: cron_rm().

▶ List all jobs scheduled: cron_ls().

▶ taskscheduleR in Windows:

▶ Create a job: taskscheduler_create().

▶ Remove a job: taskscheduler_delete().

▶ List all jobs scheduled: taskscheduler_ls().

Different from the Background jobs of RStudio:
https://docs.posit.co/ide/user/ide/guide/tools/jobs.html.

https://cran.r-project.org/package=cronR
https://cran.r-project.org/package=taskscheduleR
https://docs.posit.co/ide/user/ide/guide/tools/jobs.html


Industrialization of official statistical production: Modularity
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Industrialization of official statistical production: Modularity



Modularity in R

R package lumberjack: https://github.com/markvanderloo/lumberjack

https://github.com/markvanderloo/lumberjack
https://github.com/markvanderloo/lumberjack


Implementation



Implementation

If you can’t describe what you are doing as a process,
you don’t know what you’re doing.

W. Edwards Deming



Implementation

Implementing methods is not trivial. See van der Loo [2020].

Principles1:

▶ Funcionality

▶ Object-oriented 2 can help you.
1See Tucker and Noonan [2007]
2See Matloff [2011]



Implementation

Traditional levels of implementation

Methodology

Functions and objects 
(packages)

Scripts or macros

Interface GUI



Implementation

Methodology

Methods

Techniques

User GUI

Scripts

Functions

Implementation



Implementation: example

Methodology:
Monthly LFS estimates

Methods:
Wweights from Qweights

Techniques:
Random Forest

Shiny dashboard

R Scripts

EPAML
data.table
ranger
rjd3bench...

Implementation



Implementation for production: DevOps and MLOps



Implementation for production: StatOps

Methodology

Methods

Techniques

User GUI (dev)

Scripts (dev)

Functions
(dev)

Implementation

User GUI (pro)
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Functions
(pro)
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R in production

▶ Production vs. production

▶ Project oriented (usethis, here)

▶ Environments: production, test, development.

More details in: R in production - Hadley Wickham

https://r-in-production.org/


R in production

Relevant considerations:

1. Running code on another machine
▶ Someone else. R package pointblank.
▶ Debugging, Logging
▶ Configuration (Authentication, package installation)

2. Running code multiple times (Changes over time)
▶ Data schema
▶ Package versions: R package pak.
▶ System libraries
▶ Configuration (OS, Requirements...)

3. Shared responsability
▶ Parquet format: R packages arrow and nanoparquet.
▶ Code review: R packages cyclocomp and covr.
▶ Git

https://cran.r-project.org/package=pointblank
https://cran.r-project.org/package=pak
https://cran.r-project.org/package=arrow
https://cran.r-project.org/package=nanoparquet
https://cran.r-project.org/package=cyclocomp
https://covr.r-lib.org/


Implementation: Some good practices

▶ Version control: Git (github, gitlab)

▶ Code organization:
▶ Naming: variables names.
▶ Indentation: margins, spaces.
▶ Well structured documentation (comments).
▶ Functions and modularity.
▶ Check arguments validity.

▶ Files and folders:
▶ Naming: files names.
▶ Well structured organization.

▶ Good habits:
▶ Release memory.
▶ Executing from the beginning.



RStudio eases your work



RStudio eases your work



Implementation: Some good practices

More details in:

▶ R Style Guide de Google.

▶ Advanced R by Hadley Wickham (Wickham [2019]).

▶ Writing Better R Code workshop.

▶ Boswell and Foucher [2011].

▶ R packages goodpractice.

https://google.github.io/styleguide/Rguide.html
https://adv-r.hadley.nz/
https://nrennie.rbind.io/training-better-r-code/
https://cran.r-project.org/package=goodpractice


Not just the code...



Use Cases implemented in R



R as facilitator to implement production pipelines

Use Case 1: Monthly LFS production process using
high-resolution temporal data
▶ Novel end-to-end statistical production process that combines machine

learning techniques, time series filtering, and benchmarking.

▶ Monthly (un)employment statistics:

▶ Gender: male, female.

▶ Age: 15-24, 25-74.

▶ LFS in Spain. Quarterly.

▶ Weekly interviews.

▶ Survey data: Quarterly sample.

▶ Significant improvement in time granularity.



R as facilitator to implement an end-to-end statistical production process

Methodology:
Monthly LFS estimates

Methods:
Wweights from Qweights

Techniques:
Random Forest

Shiny dashboard

R Scripts

EPAML
data.table
ranger
rjd3bench...

Implementation



R as facilitator to implement an end-to-end statistical production process

Monthly LFS production process using high-resolution temporal data
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R as facilitator to implement an end-to-end statistical production process
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ggplot2 shiny

Monthly LFS production process using high-resolution temporal data
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High-resolution temporal data. Weekly Sampling Weights.

From quarterly to weekly.
1. Intermediate weights:

ω◦[W ]
k =

N [M]
Uh∑

k∈r [W ]
h

d [Q]
k

π[W→Q]
k

nk

d [Q]
k

π[W→Q]
k

.

where π[W→Q]
k is the conditional inclusion probability for unit k to be interviewed

in week W conditioned on its quarterly sample member.

π̂[W→Q]
k =

6∑
r=1

Pk [(W , r )|S, P, R] ,

where r are the rotation group, S is the stratum, R is the region (NUTS2) and P is the province (NUTS3).

This conditional probability is estimated with a Random Forest model (see
[Murphy, 2012]) using R package ranger.

2. Calibrated weights: ω[W ]
k computed using R package fastMatProd (in-house

dev based on calib R package).

https://cran.r-project.org/package=ranger


High-resolution temporal data. Aggregates and variances.

▶ Weekly aggregate for week w : Ŷ [W ]
w =

∑
k∈sw

ω[W ]
k yk .

▶ Monthly aggregate for month m based on weekly aggregates:

Ŷ [M]
m =

1
nW

m

∑
w∈Wm

Ŷ [W ]
w .

where Wm is the subset of weeks in month m, with cardinal nW
m .

▶ Filtering time series with ARIMA-model-based decomposition: Y = T + S13 + I.
ARIMA models for T , S13 and I are given by the canonical decomposition for
the Y model. Filtering is done with the R package rjd3toolkit.

▶ Benchmarking is used once the quarterly estimates are computed to correct
the provisional monthly estimates to be coherent with the corresponding
quarterly estimate. Benchmarking is done with the R package rjd3bench.

https://github.com/rjdverse/rjd3toolkit
https://github.com/rjdverse/rjd3bench
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R as facilitator to implement an end-to-end statistical production process

Methodology:

Methods:

Shiny dashboard

R Scripts

EPAML
data.table
ranger
rjd3bench...

Implementation

Techniques:



R as facilitator to implement services

Use Case 2: Ecosystem of R packages to interact with the
Microdata Repository

Microdata Repository:
Data and metadata files

Modularity
Standarization

Layering
Hierarchy

R packages with standard
objects and functions

R Scripts standard or
specific for each survey

SAS user interface



R as facilitator to connect with updated published data

Use Case 3: ineapir
R package ineapir: https://github.com/es-ine/ineapir

https://github.com/es-ine/ineapir


R as facilitator to do homogeneous implementation of heterogeneous utilities

Use Case 4: Common interface for Machine Learning
algorithms



R as facilitator to do homogeneous implementation of heterogeneous utilities

Use Case 5: an R package for time series model
identification



Conclusions
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Conclusions: Take home messages

▶ Design the main process and subprocesses: Modularity

▶ Implement each subprocess: Levels of implementation

Methodology

Methods

Techniques

User GUI (dev)

Scripts (dev)

Functions
(dev)

Implementation

User GUI (pro)
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(pro)
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Thank you for your inspiration...



... and thank all of you here for your attention.



Questions?

sandra.barragan.andres@ine.es
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