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Data validation: the problem

* Data quality in official statistics tends to vary over time

* Data, organisations, processes and systems change over
time and may encounter unexpected data dynamics

* If not detected in time this may lead to costly
recalculations, retransmissions (data ping pong) or —
worse — undetected errors

* Problem grows with new, more volatile data sources
 Data needs to be validated before being used =k




Data validation: the (theoretical) solution

Agree on rules between data producer and consumer

ESS: agree in statistical working groups

Validate data against rules
on both sides

But:

How to define meaningful
rules?

How to maintain them?

|

ESS Validation principles:
1. The sooner, the better

-----—_
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4. Well-documented and appropriately
communicated validation errors
5. Comply or explain

6. Good enough is the new perfect

https://ec.europa.eu/eurostat/cros/content/principles an



https://ec.europa.eu/eurostat/cros/content/principles_en

Validation rule ecosystem (1)

The 20 main types of validation rules in the ESS and their characteristics

Mandat Validation level Micro | Severity level

Rule type ory Default 5 " 2 3 a s SDMX data - W |
(EVA) Envelope is Acceptable X X 1 : X X X
(FLF) File Format X X | X X X
(FDD) Fields Delimiter (X) - X i ' X X X
(DES) Decimals Separator (X] . X | | X X X
(FDT) Field Type X X (%) . x) X X
(FDL) Field Length X X i ; X X X
(FDM) Field is Mandatory or empty X (X | (X) X X | (%
(COV) Codes are Valid (X) X | | [X) X X o (X)
(RWD) Records are Without Duplicates (X] Key X ; | X (X) X
(REP) Records Expected are Provided X X { { X XX
(RNR) Records’ Number is in a Range X =1 X | () i i X X (X | (x)
[COC) Codes are Consistent x | x , § (X X x|
(VIR) Values are in Range >=0 X | x i . (%) X X (X (X
(WCO) Values are Consistent X X XX | X X X oL (x
(VAD) Values for Aggregates are consistent with (X] = X X | Ko (x)
Details | |
(VNO) Values are Not Outliers X | x ] X | X | (X Ela
(VSA) Values for Seasonally Adjusted data are X | X o X | (X | =
plausible | |
(RRL) Records Revised are Limited X ’ (X) (¥) X o (X)
[VRT) Values are Revised within a Tolerance level X ' | (X) (X) X (x) 5
(VMP) Values for Mirror data are Plausible X | (X) X o (X)




Validation rule ecosystem (2)
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————w Conditional restrictions

Forbidden value combinations

.~ = Group properties
statistical-checks

~ e Code hierarchies & aggregation

- General aggregates
Aggregates of time series
e check codelist

rulesfrom'SDMX
———a check DSD

———a Balance equalities and inequalities

= Statistical & group characteristics

is.character(}
is.numeric(}

sosy

[all(y

nchar(}
field_length(}

number_format()
field_format()
in_range()
in_range()

%in%

is_unique()
contains_exactly(}
contains_at_least()
contains_at_most(}
does_not_contain(}

is_linear_sequence()
in_linear_sequence(}

is complete()
all_complete(}

any boolean R expression
if(P)Q
does_not_contain(}
do_bv()

sum_by()

mean_by()

in_by(
m‘&e;}o

exists_one() h
exists_any(} E
hierarchy(} E
part_whole_relation(}

part_whole_relation(}

%in% global_codelist() 6
%%in% estat_codelist(}

validator_from_dsd()



https://data-cleaning.github.io/validate

How to start a set of validation rules?

Traditionally extracting rules from:
- Domain experts: implicit domain knowledge

- Production systems: solidified implicit knowledge
(indirectly from domain experts)

However:
- Can we expand and complement current rule sets?

- What if we have a new data source?
Idea: use the data as a starting point =




A data-driven approach to data validation (1)

* Infer rules from the data: data ‘suggests’ rules

e Start from a clean or slightly dirty dataset
* More data ~¥=> more knowledge ~=> better rules

e Suggest rules typical for official statistics, taken from
existing validation rule ecosystem (ESS and cookbook)

e Suggest rules that are human-readable

* Suggest rules to the rule developer / maintainer, to be
interpreted before used in production Elh




A data-driven approach to data validation (2)

For timeseries data rules may depend on the time period
in data (e.g. growth rate)

Rules suggestions should allow for tolerances

Advantage over ML approaches: rules are explicit,
understandable, explainable and use existing rule
terminologies




The R-package validate

Manually defined rules

Summary

. - > summary(validation)
E S Eange limits: name items passes fails nna error warning expression
m 1 vl 25 25 o 0 FALSE FALSE (age - 0) »= -1e-08
Loge >= O 2 w2 25 24 1 0 FALSE FALSE (Agg - 120) <= 1e-08
Los <= 120 3 VE] 25 25 o 0 FALSE FALSE (working_hours - 0) == -1e-08
] - 4 s 25 25 o 0 FALSE FALSE (working_hours - 100) <= 1e-08
= n 5 V5 25 24 1 0 FALSE FALSE t(Married > 0) | (Age > 18)
Wnr]{lng_hr:nurs =L 6 VB 25 24 1 0 FALSE FALSE !(wWorking_hours = 0) | (Emp'\o)gfed = 0)
i = 100 7NT 25 21 4 0 FALSE FALSE '(age > 65) | (working_hours = 0)
Wnr]{lng_hnurs < T 8 V8 1 0 1 0 FALSE  FALSE 9 any(dup'l'icated(l[g))) — FALSE
# Some checks between wvariables: 4 Per rule
. . . . ]
if (Married > 0) Age > .= Y]
if (Working hours > 0) Employed > C 1 v R
\\ II V6 | |(Working_hours > 0)| (Employed > 0)
$5uch a rule depends on country legislat\:bo:\i: Y]
V5 I(Manied > 0)] {Age > 18)
if (Age > &5) Working hours = O \\ ]
\\ II V2 | (Age-120) <= 1e08
$# ID must be unigque \\ ] ve | (woring hours.- 100y = 1008
any {duplicated(ID}} — FALSE A 1
I - —— ——? V3 (Working_hours - 0) >= -1e-08
-
Data confront -~ -
S ‘ . , ‘ ‘ ‘
< - - ﬂ \\ 0 5 10 15 2 2
1D Age Married Employed Working_hours 2 N B fils O passes @ NA fems
4 N
1 1 36 | FALSE TRUE 40 V4 A . h
/ Dashboard: data & results =
2 2 40 TRUE TRUE 40 /¢ — —
/ Validation Dashboard version 0.0.5
3 3 25 FALSE FALSE o |/ o P
e P Naried inpleyed [
4 4 31 | FALSE TRUE 20 - 5 = A 2 -
5 5 &2 TRUE TRUE 43 _~ . o - ] .
N N N R . e " . . -



https://data-cleaning.github.io/ValidatReport/dashboard

The R-package validatesuggest

https://github.com/data-cleaning/validatesuggest

Manually defined rules

# Range limits:

Age = C

Loe <= "0

Working hours >= C
Working hours <= 100

# Some checks between wvariables:
if (Married > 0) Age > .=
if (Working hours > 0) Employed > C

#5uch a rule depends on country legislation:
if (Age > ©5) Working hours = C

$# ID must be unigque

anyv{duplicated{(ID}))} = FALSE

Data
“ I Age Married Employed Working_hours
1 1 36 FALSE TRUE 40
2 2 40 TRUE TRUE 40
3 3 25  FALSE FALSE 0
4 4 31  FALSE TRUE 20
5 5 &2 TRUE TRUE 43

- . e | e —r -

Compare
and
improve

—,

suggest_all()
—————>

(a) Positivity checks

(b) Range checks

(c) Checks on na: whether a variable may contain nas
(d) Checks on uniqueness

(e) Type checks

(H) Ratio checks:
(2) Discovery of conditional rules

Suggested rules

f check for positivity
ID > ¢

Bge >= [

Working hours >= [

f check the range of wvariables
in_rangs(ID, 1, 25

in rangs{Rge, 17, 125)
Married %in% < (TRUE, FALSE)
Employed %in% c (TRUE, FALSE)
in_ range (Working hours, 0, 53)

# check the type of wvariables
is.complete (ID)

i=.complete (Age)

is.complete (Married)
i=z.complete (Employed)
is.complete (Working hours)



https://github.com/data-cleaning/validatesuggest

Ratio checks and conditional rules

Ratio checks:

 Only variables that are (enough) correlated are considered (threshold)

Conditional rules:

* Unsupervised ML: association rules and CART

 Checks co-occurrence frequency of values

* Direction of causality derived from occurrence
of other values

Retailer dataset (fictitious)

72

incl.prob staff turnover

0.02 75

.14 ] 1607
.14 6356
.14 3861
014

0.02 1 25
014 5

other.rev

-33

37

total.rev
1130
1607
6919
3874
5602
25

1335

staff.costs

131
324
290
314

135

total.costs
158915
1344
6423
3600
5330
22

136

profit vat
Z0045
63
426
274
72

1 1346

suggest ratio check{retailers)

#> Object of class ‘validator' with 18 elements:
#> RC1 : turnover »= @ * total.rev

#> RC2 : turnover <= 9.87 * total.rev

#» RC3 : other.rev »= -8.1 * staff.costs
#>» RC4 : other.rev <= 34.55 * staff.costs
#> RC5 : other.rev »>= -8.81 * total.costs
#» RC6 : other.rev <= 1.27 * total.costs
#» RCY : staff.costs »= 8 * total.costs

#» RCB : staff.costs <= B.99 * total.costs
#» RC9 : other.rev »= -2.8 * profit

#>» RC18: other.rev <= 4.72 * profit

write_cond_rule(retailers)

>

#>» # Conditional checks

#» if (staff » @) other.rev > @
#> if (other.rev <= @) profit > @
#>» if (other.rev <= 8) wvat <= 8



Wrap-up

 Rule disovery and maintenance is a problem
A data-driven approach to validation rule management
e Uses existing (inter)national rule ecosystems

e Supports rule developer with explainable and
interpretable rules derived from data

* ‘Validatesuggest’: positivity checks, range checks, NA,
uniqueness, type checks, ratio checks, conditional rules

e Concept can be extended to support more rules

13
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