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Abstraction?
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Abstraction?

R
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Example: Data validation

Between
Within a statistical provider different
providers
Between Level 5:
Within a domain domains [ consistency
checks
From Level 4:
From the same source different ] Consistency
sources checks
Between | leveld:
Mirror
Same dataset datasets Eend
Between |Level 2: Between
] . correlated
Same file files e
Level 0: Level 1: Level 2:
Format & file Cells, Revisions and
structure | records, file | Time series E E
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A. Simon (2013) Exhaustive and detailed typology of validation rules. ESTAT working document.
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Example: Data validation

Statistics Reference Online

Wiley StatsRef: g

Data Validation
Mark PJ. van der Loo and Edwin de Jonge

Keywords: dataqualty, data cleaning

Definition 3. A data validation function is a surjective function

v : DX — (False, True}

Informally, data validation

i e it e s pavile
MPJ van der Loo and E. de Jonge (2020) Data Validation. Wiley meu‘“lw e o i couin Bt ol ma : i
StatsRef: Statistics Reference Online, DOI: e ds erenc. Forcaople, ane -
10.1002/9781118445112.5tat08255 rathers isusablefor

The puspose of this article i to formalize the definition of data validation and to demonstzste some.
of the properties that can be derived from this definition. In particula, it s shown how a formal view
of the concept permits validation lowing them to be ordered
in increasing levels of “complexit.” Here, the term “complexity” efers o the amount of diferent types
i necessary to evaluate 3 validation rule. A formal defnition also permits development of

5, Finall btlet

arising from combining validation rules ae pointed out. E

StabtcsNetherands,The Hagu, The Netherinds
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https://onlinelibrary.wiley.com/doi/abs/10.1002/9781118445112.stat08255
https://onlinelibrary.wiley.com/doi/abs/10.1002/9781118445112.stat08255

Example: Validate

rules

validator

results

validation

data

data.frame

MPJ van der Loo and E. de Jonge (2020) Data Validation Infrastructure
for R. JSS (Accepted) https://arxiv.org/abs/1912.09759

Journal of Statistical Software

MMMMMM YYYY, Volume VV, Issuc IL. doi: 10.18637jes.x000.100

Data Validation Infrastructure for R

Mark P.J. van der Loo Edwin de Jonge
Statistics Netherlands Statistics Netherlands

Absteact
Checking data quality against domain keowlodse is & common activity that porvades
statistical analysis from ra data Lo output
task by capturing aud appl

systematic, er-define that can
e s of - o Gt el g L s puccinid by

validation rules

Keywords: data checking, data quality, data deaning, R.

1. Introduction

Checking whether data satisfy assumptions based on domain knowledge pervades data ana-
Iyses. Whether it ta, eaned up data, or output of a statistical caleulation, data
s at every stage to ensure that they can be used for re-

vestigating the quality of a

porting or further computation. We refer to this procedure of in
data set and deciding whether it i fit for purpose as a ‘data validation’ procedure.
athering, o processing data. Accordingly there
ned. One usually distinguishes between technical

0 the

Many things can go wrong while creating,
e many ypes of chcks dat can bo per
structure and data type. and checks that are related

de testing wheth
or whether the identi

ples of technical ch
e, whether all necessary variables are pres
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https://arxiv.org/abs/1912.09759

Learning to use validate

library(validate)
retailers <- read.csv('"supermarkets.csv")

rules <- validator(
total.rev - total.costs == profit
, mean(profit) >= 10
)

result <- confront(retailers, rules, key="id")

head(as.data.frame(result), 3)
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We are extending validate

Increased support for
+ long-form (transmission) data formats

« time series data
« grouped checks
Example: checking for gaps in (time) series

library(validate)

is_linear_sequence(c(1,2,3))
## [1] TRUE
is_linear_sequence(c(1,4,5))

## [1] FALSE
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WORKING DOCUMENT

ESS data validation project
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Example: Validation Report Standard
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Example: Validation Report Standard

» Event
— timestamp
— actor (who/what)
— agent, trigger
Rule
— Language
— Expression
— Severity (information/warning/error)
— Description
» Data
— UruX (population, measurement, population element, variable)
— Description
» Value (0,1,NA gl
©,1,N8) B

v

M. van der Loo and O. ten Bosch (2017) Design of a generic
machine-readable report structure Deliverable of ESSnet ValidatFOSS
ec.europa.eu/eurostat/cros/system/files /wp2-genericvalidationreport.pdf
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Design of a generic machine-readable validation
report structure

Mark van der Loo and Olay ten Bosch
Statistics Netherlands

Version 10.0 August 20, 2019
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Example: Validation Report Standard

[ l
{ g
[ 4" vagge
gel” "type”: “aggregation”
aggregation ot 1

: time:

. "201509301104052+0200“ “actor”: "7,
actor”: "Triton demo agent”: null
agent”: null, Cerlsser o
“trigger”: null

) o
"aggregate”: { :
Tlanguage” : "VBA'. escription”
"expression”: "COUNT" ,
“: “information”,
“Totalt antal fel’

[WCo0t™, "WCo02"
null,
description

“WCooy

. mweoos”]

"EU member states”
Tdata”s { .
“"source”: null I
“target": null

"description”

“id”. weoo
iype: "validation
Tevent”: {
"value”: "17" time 150930 T 104041 40200
). “actor”s “Laura Vignal
gt nall
g A igger null
Tvalidation”, [
Iinguage”s VIL 11
*20150030T104041 40200" expression
"Triton demo 2 s_esa_current_filt =
null, ds_esa_current
higgert: null Filter (PRICE = 'V' and PRICE = 'Y') |;
H

ds_esa_previous_{

It

VTL

Triton (SW)
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Example: Validation Report Standard

Events by value Events by severity Events by actor Events by agent

R package validate version

Events by rule

€
E
3
38

Rules

events selected. Click on the graphs 1o apply fiters.
time

Id Value ser

itylanguage change actor agent  trigger
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Example: imputation
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Example: (s)imputation

An imputation prodedure is specified by
1. The variable to impute
2. An imputation model
3. Predictor variables

The simputation interface
impute_<model>(data
, <imputed vars> ~ <predictor vars>
, Loptions])
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Example: simputation

head(retailers, 3)

#i#t staff turnover other.rev total.rev

## 1 75 NA NA 1130
## 2 9 1607 NA 1607
## 3 NA 6886 -33 6919
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Example: simputation

retailers %>%
impute_lm(other.rev ~ turnover) %>%
head (3)

#i#t staff turnover other.rev total.rev

## 1 75 NA NA 1130
## 2 9 1607 5427.113 1607
## 3 NA 6886  -33.000 6919

@f¥UNECE




Example: simputation

retailers %>%
impute_lm(other.rev ~ turnover) %>%
impute_lm(other.rev ~ staff) >%
head(3)

#it staff turnover other.rev total.rev

##t 1 75 NA 4114.065 1130

##t 2 9 1607 5427.113 1607

## 3 NA 6886 -33.000 6919
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Example: simputation
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retailers %>%
impute_rlm(other.rev ~ turnover) %>%
impute_rlm(other.rev ~ staff) %>%
head(3)

#it staff turnover other.rev total.rev

## 1 75 NA 64.88174 1130
## 2 9 1607 17.25247 1607
## 3 NA 6886 -33.00000 6919
UNECE




Modularity and composability

We call a system modular when it is composed of various parts that can be
linked to each other.

We call a system composable when it shows no emergent behaviour.
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A hard composability problem

[ parameters ]
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A hard composability problem

rules,
parameters

g

N

process _>[ data’ ]

J

l process log

(o )

r—
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A hard composability problem

Rules, parameters

Flow of metadata
Clean data

@ UNECE
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Example: cleaning SBS data

# read data, Tules
supermarkets <- read.csv("data/input.csv")
rules <- validator(.file="data/rules.yaml")

# error localization, imputation, adjusting

supermarkets <- replace_errors(supermarkets, rules)

A <- is.na(supermarkets)

supermarkets <- impute_mf (supermarkets, . ~ .)

supermarkets <- match_restrictions(supermarkets, rules, adjust=A)

# write output
write.csv(supermarkets, "data/clean_data.csv", row.names=FALSE)
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Example: cleaning SBS data

Before
T T T T T T 1
0 10 20 30 40 50 60
O fails O passes O nNA Items

After
T T T T T T 1
0 10 20 30 40 50 60
O fails O passes O nNA Items
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Adding the second data stream

A method for deriving information from

running R code —_—
by Mk P v e o - Journal of Statistical Software

S s i i ok Bl e o o s et b ey

Monitoring data in R with the lumberjack package

o sl e

Mark P van der Loo
Satiis Mot

Introduction

Keports: Dot Qualis: P N, Loggins, Deiegng, R

L. Introduction

e =k

R Journal (Accepted) Arxiv:2002.07472 JSS (Accepted) Arxiv:2005.04050 E
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Example: cleaning SBS data

# read data, Tules
supermarkets <- read.csv('"data/input.csv")
rules <- validator(.file="data/rules.yaml")

start_log(supermarkets, logger = cellwise$new()) # <- ADD ONE LINE

# error localization, imputation, adjusting

supermarkets <- replace_errors(supermarkets, rules)

A <- is.na(supermarkets)

supermarkets <- impute_mf (supermarkets, . ~ .)

supermarkets <- match_restrictions(supermarkets, rules, adjust=A)

# write output |
write.csv(supermarkets, "data/clean_data.csv", row.names=FALSE)
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Example: cleaning SBS data

lumberjack: :run_file("cleanup.R")

## Dumped a log at supermarkets_cellwise.csv

read.csv("supermarkets_cellwise.csv") [100:102, ]

#i# step time srcref
## 100 4 2020-08-31 11:29:01 CEST cleanup.R#20-20
## 101 4 2020-08-31 11:29:01 CEST cleanup.R#20-20
## 102 4 2020-08-31 11:29:01 CEST cleanup.R#20-20

## expression key variable old
## 100 supermarkets <- impute_mf (supermarkets, . ~ .) 70799197 total.rev NA
## 101 supermarkets <- impute_mf (supermarkets, . ~ .) 70799197 turnover NA
## 102 supermarkets <- impute_mf (supermarkets, . ~ .) 71774143 other.rev NA
## new
## 100 626.8672
## 101 598.3333
Eln

## 102 50.7900
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Conclusions
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Take-home messages

Abstraction # hiding
Don't hide the details, get rid of them!

Modularity is not enough
Composability is key!

3

=4

.
3
»,
S

4

UNECE

%

{
(

Mark van der Loo | 2020




References, tutorials

Tutorials:
e uR0s2019
» useR2019
« EESW 2020
« ISM 2020

Mark van der Loo and Edwin de Jonge

STATISTICAL
DATA CLEANING

with Applications in R

WILEY

data-cleaning.org
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https://github.com/data-cleaning/uRus2019_tutorial
https://github.com/data-cleaning/useR2019_tutorial
https://github.com/data-cleaning/EESW2019_tutorial
https://github.com/data-cleaning/ISM2020_tutorial
https://data-cleaning.org
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