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A B S T R A C T

In this contribution, we present clickR, an R package intended for data cleaning following a semi-automatic
and supervised procedure. Few packages and commercial software with cleaning capacities are available. In
all cases, their functionalities just cover part of the overall data pre-processing and do not follow an integral
approach to cleaning up the data. In contrast, clickR brings together all functions needed for correcting the
main structural, variable-assignment and typographical errors found in databases and allows researchers to
have a strict control on the suggested changes. This is possible because the package creates a data frame that
keeps track of all the implemented data modifications. To prove its capacity for detecting and fixing errors,
we clean a messy database that exhibits multiple types of errors within date, numeric and factor variables.
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. Motivation and significance

In the advent of the big data era, vast amounts of generated data of-
en contain typographical mistakes or display inconsistent formats [1].
n addition, many public repositories store information from different
ources that once merged might present dissimilar structures, such as
ultiple date formats or display both decimal separators [2]. Moreover,
assive databases are daily created by means of scrapping methods.

uch data can enhance research, but that information is often not
eliable and messy. Additionally, human mistakes are always prone
o appear, especially when data are inputted manually. Indeed, there
re many types of errors that can affect databases [3]: Incomplete-
ess of data, presence of missing observations, inconsistencies in the
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codification of categorical variables, typing errors, impossible or out-
of-range values in the case of numerical variables or multiple date
formats, among others. As the size of datasets increase, so does the
number of present errors and the corresponding data cleaning time.
Even after a careful revision, some mistakes can be overlooked, leading
to biased or inaccurate results. Thus, tools accelerating data scrubbing
can save significant amounts of working time and capital resources,
avoiding researchers to reach spurious conclusions. Therefore, data
cleaning becomes an often-underestimated task that is fundamental for
a rigorous and correct data analysis.

There are different tools aimed at screening and checking data
quality such as Alteryx Designer [4], Trifacta [5] and OpenRefine,
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Fig. 1. Scheme of the data pre-processing routine followed in clickR.
previously called Google Refine [6], among others. Most of these tools
offer user-friendly interfaces where programming is not necessary and
data-processing workflows can be created. However, many of the tools
are in reality oriented towards data visualization and exploration and
particular methods for data cleaning have to be programmed. Regard-
ing the R language [7], there are some packages oriented towards
data wrangling and screening, but few can be used for data cleaning.
The validate [8] and editrules [9] packages check for mistakes by user-
defined rules. The janitor package incorporates some functions for
curation of variable names and includes other features for managing
Excel data [10]. varhandle offers a function to check which character
data might be safely converted to the numerical class [11], while
lubridate contains functions that can identify and parse date-time in-
formation [12]. Another useful package is dataMaid, which generates
an overview document showing the errors and warnings encountered
during the data-quality assessment [13]. However, it does not have any
data-fixing tools and requires manual fixing of the found errors.

clickR functions fix common mistakes within numeric, date and
factor variables in a semi-automatic way with minimal external input.
Remarkably, all performed changes are thoroughly registered in a data
frame that can be consulted or exported as an external document. Code
for dataset cleaning is compact, easy to use and can be directly reap-
plied to other databases: It allows users to clean very messy datasets
within minutes.

2. Software description

clickR is designed to perform a complete data cleaning routine
covering all error types present in a database. This routine is split into
three different stages: Correction of the dataset structure, class identi-
fication of each variable and finally, fixing of variable-specific errors.
All modifications made on the dataset are stored in a table that can
be used to track the changes and, in case it is needed, to easily revert
them. We show a simplified scheme of the data pre-processing per-
formed by clickR in Fig. 1. The package can be installed by executing
install.packages(‘clickR’) in a running R session.

2.1. Software architecture

The software is designed as an R package, and its structure follows
the guidelines enforced by the Comprehensive R Archive Network
repository (CRAN): in consists on the files DESCRIPTION, NAMESPACE
and NEWS and the directories data, man and R. This last directory
contains three .R files with the code defining the 35 exported functions
(intended for users) and 15 internal functions of the package. clickR also
imports some accessory functions from the R packages beeswarm [14]
(beeswarm() function to create bee swarm plots), future and fu-
ture.apply [15] (future_lapply() function to parallelize tasks), and
2 
stringdist [16] (stringdistmatrix()) function to estimate string
distances for the fix_levels() function. Use of the package follows
the standard procedure of most R packages, where exported functions
are made accessible to the user when the package is loaded by the
command library(clickR).

2.2. Software functionalities

clickR incorporates three groups of functions related to data clean-
ing: a set of functionalities for performing exploratory data analysis and
assessing data quality, another for detecting and correcting errors, and
a third one with functions to review and restore the changes applied
to the data by the different corrective functions. Among the functions
for detecting and correcting errors, there are three subtypes: those that
perform structural repair and work on all the dataset, those that work
on all dataset variables from a specific class and those that work on a
specific variable at a time.

Exploratory functions
Exploratory functions are key for detecting problems in the data,

allowing for easy identification of wrongly assigned classes, typograph-
ical errors and bad data structure. They are also useful for checking
the data after all corrections have been performed. clickR provides two
summarizing functions for performing exploratory data analysis:

• peek
The object of this function is to display the elementary infor-
mation of each variable of the data frame by showing the first
10 rows (by default). The comparable R base function would be
head. However, peek reports the range and the class of each
variable.

• descriptive
It creates a detailed summary of the data frame, including more
statistics and a better output format (i.e., a data.frame) than the
summary function from the base package.

Structural-repair functions
These functions aim at correcting structural deficiencies in the

datasets:

• nice_names
It contributes to tidying up the data by cleaning up the variable
names. These are converted to lower case (optionally), whites-
pace characters transformed into underscore ones and symbols or
non-ASCII characters removed.
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• fix_NA
Its main capacity is to identify miscoded missing values. fix_NA
leverages regular expressions to search for different missing value
strings such as ‘‘?’’, ‘‘-’’ or ‘‘’’ and substitutes them with a valid NA
value.

• remove_empty
This function allows to remove empty rows and columns from the
data frame.

lass-identification and data-scrubbing functions
In clickR, the functions performing class identification do not just

dentify and modify variable classes but also correct most present errors
or that variable type at once: The steps 2 and 3 depicted in Fig. 1 are
ackled together. Thus, after the recognition of the adequate category
or the selected column, data scrubbing takes over in the same function.

• fix_dates
The function is applied to a data frame for detecting and stan-
dardizing date variables imported as characters or factors.

• fix_numerics
This function assesses and fixes numeric data misrecognized as
factors or characters in a data frame by correcting erroneous
decimal separators and removing thousands separators as well as
other non-numeric characters.

• fix_factors
It aims at tidying up factors and transforming variables imported
as numeric or character into factors.

xclusively data-scrubbing functions
In contrast to the variables described in the previous sections,

hich are applied to a whole data frame, these functions are applied
pecifically on a single variable at a time. Therefore, they rely on

correct class identification at an earlier step of the data cleaning
rocedure.

• fix_levels
This function can correct misspelled factor categories. The al-
gorithm performs hierarchical clustering based on the variable
levels using the string distance matrix defined in the method
argument. Distances are calculated by the stringdistmatrix
function from package stringdist [16].

• fix_concat
It is common for some categorical variables that they take multi-
ple values at the same time. If single observations have different
concatenated values, the analysis of the data cannot be appro-
priate. Therefore, fix_concat aims at fixing the problem by
splitting the variable in different logical variables, one for each
of the possible categories.

• manual_fix
In some cases, the specific functions described above will not
be able to fix all the mistakes in a dataset, and there might
be a need for some fine tuning on specific observations. This
fine tuning could be performed with base R functions, but the
change-tracking functionality of the package would be inter-
rupted. manual_fix is used for such cases, to assign specific
values to given observations while keeping the tracking of the
implemented changes.

racking-related functions
• track_changes

All corrections applied on the data by the different functions
are recorded in a change-tracking data frame that is stored as
an attribute of the data frame containing the dataset. track_
changes prints the data frame with tracked changes, potentially
subsetting it with logical expressions using the subset argument
of the function.
3 
• restore_changes
All changes recorded in the change-tracking data frame can be
reverted by using the restore_changes function. The func-
tion needs only one argument, which must be a data frame
generated by the track_changes function, including all or
any subset of the implemented modifications. All changes within
the provided change-tracking data frame will be reverted in the
dataset. Changes can be restored in arbitrary order.

.3. Performance

In order to provide an estimate of the time it takes to clean a
ataset, Table 1 shows the computational time taken to clean different
atasets with varying sizes. From the results, it can be deduced that
he computational time scales linearly with the number of cells (rows
columns) to process. The use of parallelization, which is implemented

n most clickR functions, significantly reduces computational times.

. Illustrative example

To demonstrate the functionality of the package, we will analyze
modified version of the R dataset mtcars called mtcars_messy,
hich is included in the clickR package.

Our first step within the cleaning procedure will be to check the
ariable names. We always can make use of the track_changes
unction to review the fixes that have been applied to the data. The
olumns in the track_changes data.frame are the following: vari-
ble refers to the name of the variable that has been modified,
bservation refers to the rowname of the observation that has been
odified, original contains the original value in the data prior to its
odification, new contains the new value and fun is the name of the

unction that performed the modification. In this case, the names of the
ariables mpg, hp and gear have been corrected.

mtcars_messy <− nice_names ( mtcars_messy )
t rack_changes ( mtcars_messy )

va r i ab l e observat ion o r i g i n a l new fun
mpg varname Mpg mpg nice_names

hp varname hp hp nice_names
n_gears varname n Gears n_gears nice_names

Then, we continue with the detection of potential missing values.
e call track_changes againg to review the changes, but this time

ubsetting the results to display only those modifications performed by
he fix_NA function. Four missing values have beeen detected and
orrectly assigned.

mtcars_messy <− f ix_NA ( mtcars_messy )
t rack_changes ( mtcars_messy , fun == " fix_NA " )

va r i ab l e observat ion o r i g i n a l new fun
drat Duster 360 <NA> fix_NA
drat Honda Civ ic − <NA> fix_NA

vs Cad i l l a c Fleetwood ? <NA> fix_NA
vs Porsche 914−2 NULL <NA> fix_NA

We will continue by fixing the dates present in the data with the
ix_dates function. As can be seen, all the different formats are
orrectly recognized. The variable date, which previously was of class

‘character’, now its class ‘Date’ and 7 dates in non-standard format have
been converted to the standard format in R.

mtcars_messy <− f i x _ d a t e s ( mtcars_messy )
t rack_changes ( mtcars_messy , fun == " f i x _ d a t e s " )

va r i ab l e observat ion o r i g i n a l new fun
date a l l charac te r Date f i x _ d a t e s
date Duster 360 26/08/1974 1974−08−26 f i x _ d a t e s
date Merc 280C 3rd July 1974 1974−07−03 f i x _ d a t e s
date Merc 450SE 06/25/1974 1974−06−25 f i x _ d a t e s
date Toyota Coro l la 19/06/74 1974−06−19 f i x _ d a t e s
date Lotus Europa 14 /08−1974 1974−08−14 f i x _ d a t e s
date Maserat i Bora 1973 , 03 , 03 1973−03−03 f i x _ d a t e s
date Volvo 142E 12/22/73 1973−12−22 f i x _ d a t e s
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Table 1
Dataset cleaning times at varying dataset sizes for the different main fix-functions.
Dataset size fix_numerics() fix_dates() fix_factors() fix_NA()

100 variables × 5k rows 1.20 s 0.12 s 0.06 s 2.64 s
100 variables × 50k rows 10.49 s 1.13 s 0.48 s 26.13 s
100 variables × 100k rows 22.27 s 2.33 s 1.18 s 53.01 s
100 variables × 1M rows 236.07 s 21.79 s 9.56 s 523.22 s
500 variables × 5k rows 6.6 s 0.67 s 0.27 s 13.18 s
500 variables × 100k rows 119.99 s 11.50 s 5.62 s 267.91 s
500 variables × 100k rows
(parallelized in 4 cores)

56.03 s – – 169.96 s
Next, we apply the fix_numerics function to fix all inconsisten-
cies in numerical variables. Again, all errors have been fixed.

mtcars_messy <− f i x _numer i c s ( mtcars_messy )
t rack_changes ( mtcars_messy , fun == " f ix _numer i c s " )

va r i ab l e observat ion o r i g i n a l new fun
mpg a l l charac te r numeric f i x _numer i c s

drat a l l charac te r numeric f i x _numer i c s
wt a l l charac te r numeric f i x _numer i c s

mpg Datsun 710 22 ,8 22.8 f i x _numer i c s
mpg Hornet 4 Drive 21. ,4 21.4 f i x _numer i c s
mpg Duster 360 14.3 mpg 14.3 f i x _numer i c s
mpg Merc 280 19.2 19.2 f i x _numer i c s
mpg Merc 280C 1.78e01 17.8 f i x _numer i c s

wt Lincoln Cont inenta l 5 ,424 5.424 f ix _numer i c s
wt Chrys ler Imper ia l 5 ,345 5.345 f ix _numer i c s

We will end this short demonstration with the correction of the
variable maker, which contains some typographical errors in some
of its values. For this, we can use the fix_levels function. The
function has corrected the values ‘ornet’, ‘merck’ and ‘toyotta’ with
their corresponding expected values ‘hornet’, ‘merc’ and ‘toyota’.

mtcars_messy <− f i x _ l e v e l s ( mtcars_messy , " maker " ,
p lo t=TRUE, k=22, l e v e l s ="auto " )
t rack_changes ( mtcars_messy , fun == " f i x _ l e v e l s "
& tolower ( o r i g i n a l ) != tolower (new) )

va r i ab l e observat ion o r i g i n a l new fun
maker Hornet 4 Drive ornet hornet f i x _ l e v e l s
maker Merc 450SE merck merc f i x _ l e v e l s
maker Toyota Corona toyo t ta toyota f i x _ l e v e l s

After reviewing of the changes, it can be concluded that all per-
formed modifications on the dataset are correct. Nevertheless, we will
show how to restore an unwanted modification. In this case we will
restore the changes performed by the fix_numerics function on
the wt variable. The modified values are showed first and then, after
restoration, the original values are recovered.

mtcars_messy$wt [rownames ( mtcars_messy )
" Chrys ler Imper ia l " ) ]
[1] 5.424 5.345

mtcars_messy <− re s to re _ changes ( t rack_changes ( mtcars_messy ,
fun == " f ix _numer i c s " &
var i ab l e == " wt " ) )

mtcars_messy$wt [rownames ( mtcars_messy )
" Chrys ler Imper ia l " ) ]
[1] "5 ,424" "5 ,345"

. Impact

Eficient cleaning of messy and faulty datasets is a fundamental pro-
edure in scientific research. To that end, clickR provides functionality
hat was not available before for cleaning messy datasets in a user-
riendly, semi-automatic and intuitive way. The package functionalities
ave plenty of time to researchers as most errors are amended automati-
ally. In this regard, it is often claimed that data cleaning decisions have
o be carefully taken by humans. However, such curation can also be
utomatized when the correction process is supervised by the users:
hey can accept the performed changes or restore original values if
ecessary. In summary, we think that clickR can be an effective tool
or scientists regardless of their programming skills, since it is easy to
4 
use and incorporates all routines needed for a fast and integral cleaning
of messy databases.

The utility of the clickR package is proven by the number of down-
loads from CRAN (63000 since its publication) and currently around
750 per month. Additionally, numerous studies that have been pub-
lished as scientific papers have used the package for data-cleaning
tasks. For instance, Labusch et al. [17], Blandino et al. [18], Ribelles
et al. [19], and Lago et al. [20].

5. Conclusions

In research, databases often store vast amounts of information from
various sources, making them susceptible to human input errors, system
glitches, and data integration issues. These errors can significantly
undermine the reliability and validity of research findings, leading to
erroneous conclusions and non-reproducible results. Fixing all errors
in a database can be an extremely time-consuming task, and it is also
prone to human errors. The package clickR provides easy-to-use tools
for performing all the data cleaning tasks in a semi-automatic and
supervised way, potentially saving large amounts of researchers’ time
and avoiding the use of faulty datasets. In this contribution, we have
described the structure of the package, outlined all its functionality,
and provided a short illustrative example covering many of its main
functions. Showing how to easily fix a messy dataset with a few lines
of code.

Future versions of the package will focus on improving computation
times for the data-cleaning tasks and adding additional functionalities
suggested by the users.
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