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ABSTRACT Sudoku is a popular logic-based puzzle game. Difficulty rating of a Sudoku puzzle is a difficult
problem and a large number of research works have been proposed to tackle the problem. How to evaluate
a difficulty rating algorithm is also a challenging problem. Different existing algorithms evaluate their
effectiveness by using different datasets. Furthermore, some datasets are not based on the records played
by human players. Therefore, the algorithms cannot be compared by using a standard dataset. In this paper,
we construct a dataset of Sudoku puzzles with difficulty metrics experienced by human players. We first
developed an Android application named Cloud Sudoku to collect the playing records. The development
of Cloud Sudoku application has been briefly described in our previous work. This paper describes more
details about database structures and features to collect the data. Two difficulty metrics are then proposed
for each Sudoku puzzle based on the duration spent and the ratio which is successfully solved. A dataset of
Sudoku puzzles with their difficulty metrics is designed and constructed. The difficulty metrics are shown
to be close to the records played by human players. Therefore, the proposed dataset can be used to evaluate
the difficulty rating algorithms. The dataset is now available on Github platform.

INDEX TERMS Dataset, difficulty metrics, difficulty rating, human players, Sudoku.

I. INTRODUCTION
Sudoku is a popular logic-based puzzle game [1]. A Sudoku
puzzle is a 9 × 9 grid with some given hints as shown in
Fig. 1(a). The player shall fill all empty cells with integer
numbers ranging from 1 to 9 without any repetition in each
row, column, or 3 × 3 sub-grid. In a Sudoku puzzle, only a
single solution exists according to the given hints. The unique
solution of Sudoku puzzle presented in Fig. 1(a) is shown in
Fig. 1(b).

The sciences behind Sudoku puzzles have attracted a large
number of researchers’ interests [2], [3], [4], [5], [6], [7], [8],
[9], [10], [11], [12], [13], [14], [15], [16], [17], [18], [19],
[20], [21], [22], [23], [24]. Some research works focused on
fundamental properties of Sudoku [2], [3], [4], [5], [6]. Others
can be generally classified into three categories, namely,
the generating algorithms [7], [8], [9], [10], the solving
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algorithms [11], [12], [13], [14], [15], [16], [17], [18], [19],
[20], and the difficulty rating algorithms [21], [22], [23], [24].
In this paper, we considered the difficulty rating algo-

rithms. Accurate difficulty rating algorithms can be employed
for further applications; for example, to classify the difficulty
level of a new puzzle, to predict the player’s playing time,
and to recommend next game for players in game systems
or applications. Existing difficulty rating algorithms use
different techniques to rate the difficulty level of a Sudoku
puzzle. Some of them use computational models [21], [22]
and others rate the difficulty from human perspectives
[23], [24]. However, how to evaluate these algorithms is
a challenging problem no matter how the algorithms rate
difficulty level of a Sudoku puzzle,. To evaluate their accu-
racies, these difficulty rating algorithms face the following
problems:

• Different difficulty rating algorithms employ different
datasets to show their accuracies. It is difficult to
compare with other algorithms since there is no standard
dataset for these difficulty rating algorithms.
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FIGURE 1. A Sudoku puzzle and its unique solution.

• Some of the datasets used by the algorithms are
constructed by computational models rather than those
played by human players. Note that a Sudoku can be said
difficult only if the human players feel that the Sudoku
is difficult. Therefore, the dataset shall be constructed by
the records played by human players.

• Although some of the datasets employed by the
algorithms are constructed based on the human playing
records, the dataset is not dedicated for difficulty rating
algorithms. When a human player attempts to solve
a Sudoku puzzle, for example, he may be interrupted
and resumes to play the game after a while. The time
spent in solving the Sudoku puzzle is not accurate.
Such records shall be marked as invalid records since
these records are not suitable to be included into the
dataset.

• Finally, the difficulties calculated by most of the
algorithms are real numbers while the difficulty levels of
a Sudoku in the dataset are labeld as discrete difficulty
levels such as ‘‘Easy’’, ‘‘Medium’’, ‘‘Hard’’, and etc.
How to map the real numbers to the difficulty levels
becomes another problem.

In order to accurately evaluate the difficulty rating algo-
rithm, a dataset closed to real world is desirable. In this paper,
we construct a dataset of Sudoku puzzles with difficulty
metrics experienced by human players. To collect the records,
we developed an Android mobile application name Cloud
Sudoku to collect the records which is designed to collect the
playing records of human players [25], [26]. A preliminary
version which briefly introduced Cloud Sudoku application
development has been accepted in [26]. In this paper,

we described more details about the database structures and
other features which are designed for constructing the dataset
for difficulty rating algorithms.

Two difficulty metrics are proposed based on the records
collected from Cloud Sudoku application. Main idea of
proposed difficulty metrics is that if the playing time is longer
than average playing time of a player, he may think that
the Sudoku puzzle is difficult. Besides, since some human
players may quit a game if he feels the puzzle is difficulty
and cannot solve the puzzle, we also take the completion rate
of a Sudoku puzzle into consideration.

The effectiveness of dataset is validated by calculating the
correlation coefficients [27] between the difficulty metrics
and the real playing records of each puzzle. Until 2024-04-15,
we have collected 29,020 records in which 26,448 records are
valid. There are 344 Sudoku puzzles in the proposed dataset.
From 63 valid players, the average correlation coefficient is
0.7663.

Main contributions of this paper are as follow.
• An Android mobile application named Cloud Sudoku
is developed to collect the records played by human
players.

• A dataset of Sudoku puzzles with two difficulty metrics
is proposed for future difficulty rating algorithms.

• The dataset is shown to perform close to real-world
records.

The rest of this paper is organized as follows. Related
research works of Sudoku are studied in the next section. The
Android mobile application is introduced in Section III-A.
The dataset with two difficulty metrics is proposed in
Section III-B. Section IV describes the current status
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of dataset and evaluates its effectiveness. Finally, some
concluding remarks are given.

II. RELATED WORKS
A large number of research works have been proposed to
study the sciences of Sudoku [2], [3], [4], [5], [6], [7], [8],
[9], [10], [11], [12], [13], [14], [15], [16], [17], [18], [19],
[20], [21], [22], [23], [24]. In [2], [3], [4], [5], and [6], some
fundamental properties of Sudoku puzzles and solutions are
investigated. A number of Sudoku generating algorithms are
proposed in [7], [8], [9], and [10]. Solving algorithms for a
Sudoku problem are introduced in [11], [12], [13], [14], [15],
[16], [17], [18], [19], and [20]. Difficulty rating algorithms
are also a hot research topic in Sudoku research [21], [22],
[23], [24]. Finally, we study how to construct a dataset for
evaluating a proposed algorithm from previous works [28],
[29], [30], [31], [32], [33], [34].

A. RELATED WORKS ON SUDOKU
We first investigate some fundamental properties of Sudoku.
Generating a valid Sudoku puzzle and solving techniques
are then also studied. Finally, difficulty rating algorithms are
introduced.

1) FUNDAMENTALS OF SUDOKU
Some fundamental research works have been published to
study the mathematics behind the Sudoku [2], [3]. It shows
that there are 6.671 × 1021 different Sudoku puzzles. In [4],
the authors show that the minimum number of hints in
a Sudoku puzzle with unique solution is 17. The Sudoku
problem can be reduced to an SAT problem and can be
proved its NP-completeness [5]. An efficient algorithmic
3-SAT formulation is proposed in [6].

2) SUDOKU GENERATING ALGORITHMS
Generation of a Sudoku puzzle with unique solution is one of
the most popular research topics. The generating algorithms
can be classified into two categories, namely, with or without
given difficulty level as an input.

In [7], the human solving techniques are given a difficulty
weight and the Sudoku puzzle generation are based on
which techniques are employed to solve the puzzle. In [8],
the authors proposed a generating algorithm in which the
difficulty levels are considered as the number of rounds to
remove a cell. In the above algorithms generating a Sudoku
puzzle, the real numbers representing difficulties mapping
from discrete difficulty levels are given as an input.

The other category of Sudoku generating algorithms are
those without given difficulty levels in advance. In [9],
Sudoku puzzles are generated by genetic algorithms. A gen-
erating algorithm which guarantees unique solution itself
without relying other test function is proposed in [10].

3) SUDOKU SOLVING ALGORITHMS
Solving a Sudoku puzzle has been proved as an NP-complete
problem. There are a large number of researchworks focusing

on solving Sudoku puzzles. In [11], the problem is formulated
as a constraint programming algorithm and solve the problem
by programming techniques. Evolutionary algorithms are
widely used to solve the Sudoku puzzle in [12], [13],
[14], [15], and [16]. Furthermore, deep learning techniques
[17], sinkhorn [18], search technique [19] and node based
coincidence algorithm [20] are also employed to solve the
Sudoku puzzle.

4) SUDOKU DIFFICULTY RATING ALGORITHMS
Difficulty rating of a Sudoku puzzle is a difficult problem.
Computational models are employed to rate the difficulty of
a Sudoku puzzle in [21] and [22]. In [21], a computational
model of solving activities is proposed. In [22], the Sudoku
solving problem is formulated as a graph colorability(GCO)
problem. A solver to the GCO problem is used and the
difficulty to solve the GCO problem is rated. The difficulty
to solve the GCO problem is then mapped to the difficulty to
solve the Sudoku problem. The authors in [23] and [24] rate
the difficulty in a human perspective. Each human solving
technique is given a weight value. Difficulty level of a Sudoku
puzzle is the sum of weights of the techniques which are
employed in solving the Sudoku puzzle.

B. DATASET CONSTRUCTION
In evaluating a proposed algorithm, a dataset close to real
world is required. There are a large number of datasets
proposed for evaluating different algorithms [28], [29], [30],
[31], [32], [33], [34]. In these datasets, data are first collected
by different tools such as sensors or mobile apps. The
abnormal data are then filtered and finally the datasets are
constructed. In this paper, we follow the procedure to build
our dataset for Sudoku difficulty rating algorithms.

Currently, different existing algorithms employ different
datasets to study the accuracies of the proposed algorithms.
Therefore, evaluating the algorithms becomes a challenging
problem. To solve the problems, we hope to construct
a dataset of Sudoku puzzles for evaluating the difficulty
rating algorithms. The dataset shall be constructed by human
players. Playing time and the complete rate are the metrics to
indicate the difficulty level of a Sudoku puzzle. In the dataset,
difficulty metrics which are represented as real numbers are
associated with a Sudoku puzzle.

III. MATERIALS AND METHODS
In constructing the dataset, we first collect the records
played by human players by developing an Android mobile
application. Then we proposed two difficulty metrics based
on the playing time and completion rate in solving a Sudoku
puzzle.

A. CLOUD SUDOKU MOBILE APPLICATION
To construct the dataset based on the playing records played
by human players, an Android mobile application named
Cloud Sudoku [25] is developed. A preliminary version of
Cloud Sudoku application development has been accepted
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FIGURE 2. User interfaces of Android Cloud Sudoku mobile application.

in [26]. In this paper, we describe more details about designs
of the mobile application.

A Sudoku puzzle with a unique solution is generated by
a positive integer, which is defined as the game number of
this puzzle. When a player starts to play a game, a random
game is rendered to the player. The player then begins to solve
the puzzle and a timer starts. Once the puzzle is solved, the
timer stops and the playing record is uploaded to the cloud
database.

1) USER INTERFACES
In the Cloud Sudoku application, we have four primary
user interfaces illustrated in Figure 2. Main menu of Cloud
Sudoku is shown in Figure 2(a). We have six buttons in
the main menu and one of which is to exit the app. The
buttons ‘‘Daily Challenge’’ and ‘‘Play Now’’ are link to the
playing interface shown in Figure 2(b). The difference is
that the ‘‘Daily Challenge’’ provides a specific puzzle for all
players to compete in the day they played. The ‘‘History’’ and
‘‘LeaderBoard’’ buttons show the playing history and ranking
of a player respectively.

In Figure 2(b), the playing interface is shown for player.
To fill a number in a cell, the user first selects a number
and then clicks on the empty cell where they wish to place
it. If the selected number already exists in the same row,
column, or 3×3 sub-grid, it cannot be placed in the cell. The
number of attempts and completion records are shown on the
screen. Also, the minimum, maximum, and average playing
time for this Sudoku puzzle are provided for the player. When
all empty cells are filled without any conflicts, the puzzle

is successfully solved and the record is sent to the cloud
database.

The player’s gaming records, including corresponding
timestamps and time spent on solving puzzles, are displayed
in the History interface, as shown in Figure 2(c). Finally,
to create a competitive environment and encourage players
to engage with more puzzles, we provide a ranking page
showcasing all players, as depicted in Figure 2(d). For privacy
reasons, the names of other players are covered in this
paper.

2) SUDOKU GENERATING ALGORITHM
Generating a Sudoku puzzle with a unique solution is
important in the mobile application. Throughout the gener-
ating algorithm, we use a random number generator with
initial seed, which is defined as the game number of this
Sudoku puzzle. Different from other Sudoku generating
algorithms, we do not employ the difficulty level as an input
to generate the Sudoku puzzle. Instead, we use exhaustive
search to remove as many cells as possible such that the
uniqueness of solution is maintained. The Sudoku generating
algorithm used in Cloud Sudoku application is modified by
the generator proposed in previous research works [2], [10].
Details of the Sudoku generating algorithm used in the Cloud
Sudoku application are as follows.

Step 1 Given Sudoku game number sudokuId as seed for
random number generator, generate a valid solution
in which there is no repetition of numbers in each
column, row, and 3 × 3 sub-grid.

Step 2 Mark all unremoved cells as removable.

VOLUME 12, 2024 104257



S.-W. Wang: Dataset of Sudoku Puzzles With Difficulty Metrics Experienced by Human Players

Step 3 Randomly remove one removable cell and check if
the solution is unique.

• If YES, go to Step 2 to remove next cell.
• Otherwise, the removed cell is restored and
marked as unremovable. Go to Step 3 to
remove another one.

Step 4 If there is no more removable cell resulting in
unique solution, the Sudoku generating algorithm
STOP and OUTPUT the Sudoku problem string.

3) DATABASE STRUCTURES
The data are stored in either device or cloud database
systems. The local database system is implemented by
SQLite database software and the cloud database system is
implemented byMySQL database system. The local database
is used for temporarily storing the records in case that
the network connection is unreachable. Once the network
connection is established, all records in local database will
be uploaded to the cloud database and the local database is
cleared.

Three tables are created in the database, namely, player,
game, and record. The table player describes the basic
information of a player with primary key player_id. The table
sudoku represents the Sudoku puzzles as follows.

(sudokuId, sudokuPuzzle, sudokuSolution, sudokuAttempts)

The filed sudokuId is the primary key of the table. Fields
sudokuPuzzle and sudokuSolution are the strings of Sudoku
puzzle and its corresponding solution. The value of sudokuAt-
tempts is an integer denoting the number of attempts to solve
the Sudoku puzzle. When a Sudoku puzzle is provided in
Cloud Sudoku, the value of sudokuAttempts of this game is
incremented by 1.

A record in the database is represented by a tuple as
follows.

(recordId, recordSudoku, recordPlayer, recordTime,
recordCompleteTime, isValid)

The field recordId is the primary key. The fields recordSu-
doku and recordPlayer are the foreign keys associated to the
specific Sudoku game and player respectively. Playing time
in seconds are stored in recordTime. The timestamps that the
puzzle is solved is stored in recordCompleteTime. Finally,
a flag to indicate whether the record is valid for calculating
the difficultymetrics is stored in isValidfield. Default value of
isValid field is set to true. If the record meets some conditions
that make the record not appropriate to be considered in
the dataset, the value of to isValid field is set to false. The
conditions for invalid records are described in the following
subsection.

4) FEATURES OF CLOUD SUDOKU MOBILE APPLICATION
In order to construct a dataset for evaluating difficulty rating
algorithms, the Cloud Sudoku application have the following
features.

• Since the playing time is the key component in
deciding the difficulty level a Sudoku puzzle, accurately
measuring the time spent in solving a Sudoku puzzle is
very important. A timer is used to count the interval of
consecutive actions in solving a Sudoku puzzle. If there
exits an interval longer than 1 minute, the record is
marked as invalid.

• First 20 records which are played by a new player will be
marked as invalid since the player has not been familiar
with the user interfaces in the mobile applications.

• In order to construct a dataset, the number of playing
records on each Sudoku puzzle shall be large enough.
Therefore, when a player starts to play a game, the
application will provide the player the game which
has not been included in the dataset with higher
probability.

With the above features, we have sufficient number of
valid playing records to construct the dataset for difficulty
rating algorithms. Current status of the database is given in
Section IV.

B. DIFFICULTY METRICS
A Sudoku puzzle is difficult if human players think it is
difficult. If a Sudoku puzzle is difficult, player may spend
more time on solving the puzzle or quit without solving
it successfully. Based on the idea, we proposed two the
difficulty metrics to identify the difficulty level of a Sudoku
puzzle.

First of all, we introduce two parameters in the proposed
difficulty metrics. Note that only the valid records are
considered in calculating the difficulty metrics. A player is
considered as a valid player if he has completed sufficient
number of valid records such that the playing status by
him has become stable. Therefore, Thvp is defined as the
threshold of number of completed valid records to be a valid
player.

Second, a Sudoku puzzle is considered as a qualified
puzzle if there exists sufficient number of valid records for
this puzzle. The proposed dataset contains only the qualified
puzzles. Let Thqp be the threshold of the number of valid
records to be a qualified puzzle. By using the two parameters
Thvp and Thqp, we proposed two difficulty metrics to indicate
the difficulty level of each Sudoku puzzle.

1) DTO: CONSIDERING PLAYING TIME ONLY
Different players have different capabilities in solving a
Sudoku puzzle. If a player spent more time than his average
playing time on a specific puzzle, hemay think that the puzzle
is more difficult. Otherwise, the Sudoku is easy for him.
Based on this idea, we formulate the difficulty metric Dto as
follows.

Let tij be the playing time spent by a valid player i on
qualified puzzle j with valid record. Let ti be the average
playing time by a valid player i over all valid records played
by him. A difficulty indicator dij of valid player i on qualified
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puzzle j is calculated as follows.

dij =
tij
tj

(1)

If dij is larger than 1, it means the Sudoku puzzle j is probably
difficult for player i. On the other hand, if dij is very small,
Sudoku puzzle j is easy for player i.

Denote Pj as the set of valid players who complete
qualified puzzle j validly. The difficulty metric Dto(j) which
considers only the playing time of qualified puzzle j can be
calculated as follows where |Pj| is the number of valid players
in Pj.

Dto(j) =

∑
i∈Pj dij

|Pj|
(2)

Large value of Dto(j) means Sudoku puzzle j is generally
difficult. If the value of Dto(j) is small, the Sudoku puzzle j is
easy for most players.

2) DTR: CONSIDERING PLAYING TIME AND COMPLETION
RATE
In addition to the playing time of a Sudoku puzzle, some
players may quit the game if he cannot complete the
puzzle. Therefore, the rate of completion shall be considered
jointly. Let Cj be the completion rate of playing records
over all attempts to complete the puzzle. Generally, higher
completion rate implies that the puzzle is easier. Therefore,
we formulate the difficulty metric Dtr (j) which considers
both playing time and completion rate of Sudoku puzzle j as
follows.

Dtr (j) = Dto(j) ×
1
Cj

(3)

Same as difficulty metric Dto, large value of Dtr means that
the Sudoku puzzle is difficult. The Sudoku puzzle is easy if
the value of Dtr is small.

IV. CURRENT STATUS AND EVALUATIONS OF THE
PROPOSED DATASET
In this section, we first describe the current status of
the Cloud Sudoku application system. Next, we evaluate
the effectiveness of the proposed difficulty metrics. Since
other Sudoku datasets used in the Sudoku difficulty rating
algorithms [21], [22], [23], [24] are not public accessible, it is
difficult for us to compare the effectiveness for other datasets
in this paper.

A. CURRENT STATUS OF CLOUD SUDOKU SYSTEM
The Cloud Sudoku application has been released to Google
Play Store since 2023-05-01 [25]. Until 2024-04-15, the
number of players who have successfully solved at least
one game is 147. The number of Sudoku games which are
successfully solved by at least one player is 5,045. Finally, the
number of valid records is 24,668. By selecting appropriate
values of Thvp = 50 and Thqp = 20, the numbers of valid
records and valid players are 24,668 and 63 respectively.

FIGURE 3. Correlation coefficients between difficulty metric Dto and valid
records played by valid players.

In the proposed dataset, there are 344 qualified Sudoku
puzzles with difficulty metrics.

Next, we evaluate effectiveness of the proposed difficulty
metrics by calculating the correlation coefficients [27]
between the difficulty metrics and the real playing records.
For each player, we extract the qualified puzzles that he has
completed validly. Three vectors are generated. Two vectors
Vto and Vtr represent the two difficulty metrics Dto and Dtr
of each valid Sudoku puzzle respectively. The third vector
Vpt is composed of the difficulty indicators calculated from
equation (1) by each player. The two correlation coefficients
are calculated between (Vto,Vpt ) and (Vtr ,Vpt ) for a player.

The correlation coefficients vary frequently. When a valid
record is added into the database, the difficulty metrics
are updated and the correlation coefficients shall be re-
calculated. When the numbers of valid player, valid records,
and qualified puzzles are large enough, the difficulty metrics
and correlation coefficients become more stable. The results
shown in this paper is based on the playing records captured
on 2024-04-15.

B. EFFECTIVENESS OF THE PROPOSED DIFFICULTY
METRICS
Note that we have two parameters Thvp and Thqp denoting
the threshold values for valid players and qualified puzzles.
We first study the effects of the two parameters. Figs. 3
and 4 show the correlation coefficients between two difficulty
metricsDto,Dtr and the real playing records respectively. The
values of Thvp and Thqp range from 20 to 50 and from 5 to
20 respectively. From the figures, we can make the following
observations:

• All the correlation coefficients in the two figures are
larger than 0.5. The maximum and minimum values
of the correlation coefficients between Dto and real
playing records are 0.7663 and 0.5286 respectively.
The maximum and minimum values of the correlation
coefficients between Dtr and real playing records are
0.6733 and 0.5058 respectively. The results indicate that
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FIGURE 4. Correlation coefficients between difficulty metric Dtr and valid
records played by valid players.

the proposed difficulty metrics are moderately positively
correlated to the real playing records. The dataset is
shown to be closely correlated to the real playing
records. Therefore, the dataset can be employed for
evaluating the difficulty rating algorithms.

• The correlation coefficients do not necessarily increase
when the value of Thvp increases. Note that the value
of Thvp is designed to obtain a more stable value of
average playing time. The results show that Thvp = 20 is
enough and Thvp = 50 is better for calculating the
difficulty metrics. That is, a player is familiar with the
user interfaces when he completed 20 puzzles validly.
If we need more stable dataset, Thvp = 50 is better.

• The correlation coefficients increase when increasing
values of Thqp. Large value of Thqp implies that a
puzzle requires a large number of valid records to be
qualified. Larger number of valid records on a Sudoku
puzzle makes the data on the Sudoku puzzle more
stable. Therefore, the difficulty metrics are closer to the
difficulties experienced by human players.

We next compare the difficulty metrics Dto and Dtr . Fig. 5
shows the correlation coefficients between difficulty metrics
and real playing records when Thvp is 20 and 50. From the
figure, we found that the correlation coefficients betweenDto
and the real playing records are larger than those between
Dtr and the real playing records. However, we cannot declare
that the difficulty metric Dto is closer to the real world
than Dtr . This is because that the real playing records are
those successfully completed by the human players. The
completion rates are not considered in the real playing
records while the difficulty metric Dtr jointly considered
the completion rate. In addition, when the values of Thqp
increase, the difficulty metrics increase too. Therefore, we set
Thvp = 50 and Thqp = 20 in the proposed dataset from the
above observations.

Finally, we are interested in the relationship between the
playing time and completion rate. It is believed that when
a Sudoku puzzle is difficult, the playing time increases

FIGURE 5. Comparison of two difficulty metrics Dto and Dtr with
Thvp = 20 and 50.

FIGURE 6. Relationships between difficulty metric Dto and completion
rate.

and the completion rate decreases. In the proposed dataset,
we show that the relationship between the twometrics follows
the argument. Note that the difficulty metric Dto considers
only the playing time. For a Sudoku puzzle j, a data point
(Cj,Dto(j)) is generated where Cj is the completion rate.
Fig. 6 shows the 344 generated data points on an XY -plane
where X - and Y -axes represent the values of the completion
rate and difficulty metric Dto respectively. From the figure,
we observe that the difficulty metric Dto decreases when
the completion rate increases. The correlation coefficient is
−0.5872 which are moderately negatively correlated to each
other. The result shows that the proposed difficulty metricDto
follows the common sense that the completion rate is smaller
if the puzzle is more difficult.

V. CONCLUSION
In this paper, we present a dataset of Sudoku puzzles with
two difficulty metrics which are experienced by human
players. To collect the data, an Android mobile application
named Cloud Sudoku is developed. A preliminary version
of developing the mobile application has been accepted
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TABLE 1. Example Sudoku puzzles with difficulty metrics in the proposed dataset.

in [26]. Details of the database systems and features of the
application is introduced in this paper. In Cloud Sudoku
application, a Sudoku puzzle generating algorithm without
given difficulty level is proposed. A flag to indicate the
validity of a playing records is introduced to identify whether
a record is included in calculating the difficulty metrics or
not.

After collecting the records, two difficulty metrics are
introduced. The difficulty metric Dto considered the playing
time to solve a puzzle only. The other one Dtr considered the
playing time and completion rate both. The difficulty metrics
are evaluated by the real playing records. The evaluation
results show that the correlation coefficients between the
difficulty metrics and the real playing records are both
larger than 0.5 which is considered moderately positively
correlated. When the number of valid records of a Sudoku
puzzle is large enough, the correlation coefficient can be
larger than 0.7 which means strongly positively correlated.
The results show that the proposed difficulty metrics are
close to the real difficulties experienced by human players.
In the future, the dataset can be used to evaluate the difficulty
rating algorithms. To access the up-to-date dataset, please see
Appendix A.

Currently, the dataset is constructed from the data collected
in Android mobile application. Therefore, the dataset is
limited to the users who use Android phones. In the future,
we will develop the iOS and web-based Sudoku systems
to collect the data. The playing time in different platforms
will be different and a normalization shall be applied. These
improvements will be left for future works.

APPENDIX A
SOME EXAMPLE PUZZLES IN THE DATASET
In the proposed dataset, each Sudoku puzzle is associated
with a game number, game string, and two difficulty metrics

Dto and Dtr . Table 1 shows 15 example Sudoku puzzles in
the dataset when the parameters Thvp = 50 and Thqp = 20.
In the table, the Sudoku puzzle is represented as a string
with 81 characters where every 9 characters consist of a
row. If a character shows an integer from 1 to 9, this is
the hint number on the cell. The dot character ‘‘.’’ means a
hidden cell which shall be determined by the player. Finally,
two difficulty metrics Dto and Dtr are presented and the
completion rate of a Sudoku puzzle can be calculated by
Dto/Dtr . The up-to-date dataset can be obtained from https://
github.com/synnwang/sudoku_dataset_difficulty under
CC0-1.0 license.
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