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Abstract. Wordle is a globally popular game and many researchers have conducted research on its
game mechanics. However, few studies have explored the influence of attributes on the difficulty of
the word. Therefore, this paper uses K-means algorithm to classify word difficulty based on certain
word attributes. In the paper, the main attributes character repeat times, the presence of "th" or "er",
the initial letter (s/c/alt), and the final letter (ely/r/t) that affect word difficulty are selected, and a
comparison is made regarding the number of difficulty categories, and the most appropriate number
of categories is three. Finally, it has been validated by Spearman that this method possesses strong
reliability.
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1. Introduction

Wordle, a web-based word-puzzle challenge, is now in vogue on social media sites like twitter. To
solve the puzzle, player need to guess the correct five-letter word within six tries and each try will
provide player with some information hinting the correct answer. To be specific, each letter of the
word is marked with a different color: grey means “not in the answer at all”; yellow means “in the
answer but wrong position”; green means “in the answer and correct position” [1]. Moreover, Wordle
offers “Hard Mode” to those who want to challenge themselves in which once a correct letter is
revealed, it must be used in the next guess. Figure 1 is a screenshot of our attempt on February 17,
2023.

Figure 1. Guessing the word cache from February 17, 2023

A well-designed puzzle can let people dig deep into its underlying logic and summarize the game
experience. Since Wordle went viral around January 2022, this word-puzzle challenge has drawn
numerous people’s attention to the word-formation which is an intriguing and profound study field.

Researchers hypothesize that there must be underlying rules governing this word puzzle [2].
Research like Sidhu [3] attempted to find the best starting word from a linguistic perspective, while
other researchers, such as Anderson and Meyer [4], prefer using mathematical methods like machine
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learning to determine the optimal human strategy for solving wordle. There are also puzzle lovers
sharing their own experiences. However, there is little work researching the word attributes that
contribute to word difficulty. This paper aims to fill this gap.

The paper attempts to utilize machine learning to assign a difficulty level to each word based on
its attributes. It explains the connection between the attributes of a word and its difficulty level, which
will provide a dependable reference point for Wordle operators and technical support for future
research endeavors.

2. Methods

2.1. Dataset and data preprocessing

The game: Wordle studied in this paper is the official version developed by Josh Wardle and
published by the New York Times Company. Clones and variations of the game are not included.

A Twitter account (@WordleStats) collects all the results shared on Twitter and posts a bar chart
illustrating the score distribution and the number of hard mode players daily [5]. This article utilizes
data provided by this Twitter account from January 7, 2022 to December 31, 2022, which contains
the date, word of the day, the number of people reporting scores that day, the number of players on
hard mode, and the percentage of people that guessed the word in one try, two tries, three tries, four
tries, five tries, six tries, or could not solve the puzzle (indicated by X) to facilitate the research.

2.2. Word attribute selection

It is widely accepted that meaning, part of speech, spelling, and pronunciation are all common
attributes of a word. These attributes all together affect people’s results when playing the game
Wordle. But taking every last one of them into consideration can be very difficult. What’s more, it is
neither necessary nor scientific to do so because not every attribute distributes much to the final
prediction result.

Based on the research findings of predecessors, repeated characters, letter frequency [6], the
number of vowels [7], and the use of two-letter sequence have the most intimate relationship with
difficulty level of words. In this paper, Spearman correlation [8] is used to simplify the problem and
reduce disturbances from the low relevant attributes. After analyzing the word attributes with the
percentage of scores reported, five attributes that possess strong correlation are selected.

Pearson correlation is not appropriate for this study because it requires the variables to meet the
following requirements: Both variables are continuous variables; Both variables come from
populations that are normally distributed or close to normal unimodal symmetric distributions; The
variables should be paired; Both variables are linearly related.

In this study, the two variables, attempts number and word attributes, clearly do not meet these
requirements, so Pearson's correlation coefficient cannot be used for correlation calculation.
Compared to Pearson correlation, Spearman correlation can be used in non-linear relationships.
Additionally, Spearman correlation has a wider applicability and produces high accurate results.

Spearman correlation coefficient is often used in measuring the correlation between ordinal
variables. In this study, the number of attempts is obvious an ordinal variable. As long as the
importance order of word attributes is determined, word attributes can also be treated as an ordinal
variable. Therefore, this study uses Spearman correlation to analyze the correlation between word
attributes and the attempts number.

Since the impact of word’s attributes on word’s difficulty is unknown and for the sake of simplicity,
it is reasonable to assume that each attribute contributes equally. That is to say, each attribute
possesses the same importance. During calculation, it can be found that the results of the Spearman
correlation analysis do not differ significantly when their order switch, which verifies the assumption.

Therefore, Spearman correlation is chosen to investigate the correlation between the word’s
difficulty and attributes in this study.
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The principle of Spearman correlation is as follows:
. 6X.(x; — ¥;)°
s nnz-1) ’

Where x; and y; are the corresponding sizes of the two variables respectively, n is the sample
size, n>20 can be tested with the t statistic:

(1)

(2)

nt =r;

After analyzing the word attributes with the percentage of scores reported, four attributes that
possess strong correlation are selected as shown in Table.1.

Table.1. The selected attribute

repeat Character repeat times
th | Whether it contains the two-letter sequence “th”
er | Whether it contains the two-letter sequence “er”
first Whether the first letter is s/c/a/t
last Whether the last letter is e/y/r/t

2.3. K-means Clustering

K-means is commonly used for datasets whose dimensions and values are small and continuous,
such as grouping similar items from a random distributed set. The schematic diagram of K-means
method is shown in Figure 2.
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Figure 2. The schematic diagram of K-means

The main steps for the K-means clustering algorithm are as follows:

Step 1: Initialization of cluster centers

Randomly select K data points as the initial cluster centers, which can come from any K points in
the dataset or be selected through other methods.

Step 2: Assigning samples to cluster centers.

Assign each data point to the category where its nearest cluster center is located. Specifically, for
each data point, calculate the distance between it and each cluster center, and then assign it to the
category where its nearest cluster center is located.

Step 3: Moving cluster centers.

Recalculate the cluster center for each category, that is, use the average of the coordinates of all
data points in that category as the new cluster center.

Step 4: Stopping the movement.
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Repeat steps 2 and 3 until the cluster centers no longer change significantly or the predetermined
number of iterations is reached.

K-means clustering model guarantees convergence and can warm-start the positions of centroids.
Thus, this algorithm is perfectly suitable for this paper’s study. Given the aforementioned reasons,
this paper finally decides to use the distribution of the reported results as classification criteria to
construct a K-means clustering model [9]. It should be noted that the K-means algorithm uses an
iterative method to obtain a local optimal solution, so multiple runs are needed in practical
applications to select the optimal result.

3. Model Building and Problem Solving

3.1. Word Difficulty Assessment Model Based on K-means Clustering

Here is how K-means is implemented [10]:
Step 1: Set the sequence of all word’s score results as {x(1, ..., x(™}.. Here, x® € R7..
Step 2: Initialize cluster centroids randomly (denoted by 4, uy, ..., ux € R7).
Step 3: Repeat until convergence: {
For every i, set.

c® = argmin | x O — ;|12 3)

For each j, set.
= Zi 10 = 20
J Z{il 1(;(1) =]

(4)
¥

To determine the appropriate number of levels for classification, SSE (Sum of Squared Errors) is
utilized.

SSE=) (7)., )

here, y; represents the actual value of the i-th observation, y represents the predicted value of the
i-th observation.

The ideal number of classifications can be identified by locating an inflection point on the graph of
the sum of squared errors. By observing the inflection point in Figure 3, it is judged that the inflection
point should be at 2.

Determination of the Number of Clusters
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Figure 3. Determination to the number of clusters
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Based on preliminary judgment, if the words are only divided into two categories, it is too broad to
become a good classification method. However, in order to make the inference process more rigorous
and complete, the cluster centers through K-means clustering when k equals 2 is still provided as
follows.

Table.2. The cluster center when k=2

Clustering
1 2
1try | 0.6 | 0.3

2tries | 7.9 | 3.2

3tries | 28.3 | 15.5

4 tries | 34.7 | 30.6

5tries | 19.9 | 28.5

6tries | 7.3 | 16.9

Ttries | 1.2 | 4.9

The Table.2 illustrates that in the first four attempts, the cluster centers of Class 1 are more delayed,
while in the last three attempts, the cluster centers of Class 2 are more delayed. The distribution of
cluster centers does not have a universal regularity at the same number of attempts, which verifies the
inference that difficulty patterns cannot be summarized when k=2.

In addition, if there is only little difference between the distribution of attempts number and the
mean square error of the two cluster centers when classifying specific words, the judgment result can
be extreme. In other words, the judgment of word classification is either/or, thus the probability of
misjudgment is very high.

The above evidence is sufficient to indicate that word difficulty should be classified into more than
two categories. So, k = 3 is more reasonable. Thus, the value of k should be 3, which means the
difficulty levels should be divided into three.

Step 4: The clustering centers are shown in Figure 4.

Clustering Center

css3 QCOCOC J( )
Class2 [ (D ) J( 10
cass 1 [ J( )30

1try 2tries 3 tries 4 tries 5 tries 6 tries 7 tries

Figure 4. Final clustering centers

As the number of answers increases, the frequency of attempts number is gradually increasing,
making the third category hardest, the second category moderate and the first category easiest. So the
third category is the most difficult, the second is the second, and the first is the easiest. The levels are
arranged the in the order of difficult to easy, as A, B, C.

Mean squared error is a metric that quantifies the difference between specified or predicted value
and actual value. The smaller mean squared error is, the closer the specified or predicted value is to
the actual value. In order to ascertain the difficulty level of a given word in this task, the paper
computes the mean squared error between the reported percentage and cluster centers of the three
difficulty levels and assigns the word to the difficulty level with the lowest mean squared error.
Solution words are shown in the Figure 5.
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Figure 5. Solution words in different difficulty levels

3.2. Associate Word Attribute with Difficulty Level

This paper analyzes the word attributes with the percentage of scores in all three levels using
Spearman correlation. Take level-C as an example. Following is a heat map (Figure 6) of its
correlation coefficient.

Correlation Coefficient Heatmap
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Figure 6. Spearman’s rank correlations between attributions and score percentage under level-C

The same possess is repeated in every difficulty level, and the negative and positive correlation
results as shown in Figure 7.
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Figure 7. Correlation results between word attributes and percentage of each attempt under
different difficulty levels
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It can be seen that the attribute “repeat letter” always exhibits negative correlation with hypo-tries
and positive correlation with multi-tries. So “repeat letter” can be preliminarily classified to high
difficulty level (either A or B). Further looking into the result, this paper discovers that the "repeat
letter” is more strongly associated with multi-tries in the level-B as opposed to the level-A.

Performing the same analysis to each attribute, the result is shown as Figure 8.

Attributes Difficulty Level
repeat
&
th
1 Level-
er

last

Figure 8. Attribute analysis

3.3. Model verification

In order to verify the accuracy of the difficulty classification model, another four words along with
their score distribution is picked. If the difficulty level drawn from the score distribution corresponds
with the level drawn from the attribution, the accuracy can be considered as good.

In pursuit of heightened accuracy in the validation process, this paper embarks upon an exhaustive
search of the Internet for 100 new words. In order to render the verification process more
straightforward and to introduce an element of chance in the selection of words, the 100 words are
numbered and four of them are selected by generating random numbers. As a result, the words tough,
cider, above, and ruddy are chosen.

Take the word RUDDY as an example. The score percentages of (1, 2, 3, 4, 5, 6, X) for RUDDY
is (0, 2, 23, 33, 24, 13, 4).

Before calculation, it is necessary to introduce mean squared error (MSE) first. Mean squared error
(MSE) is a commonly used measure of the average squared differences between the predicted and
actual values in a regression analysis. It measures the average of the squared differences between the
predicted and actual values of the dependent variable. The MSE is a measure of the quality of an
estimator—it is always non-negative, and values closer to zero indicate a better fit.

The formula for calculating the MSE is:

1% A
;Zl e = 9% ()

Where m is the number of observations, y; is the actual value of the dependent variable for

observation i, and y; is the predicted value of the dependent variable for observation i.

The MSE is a useful metric for evaluating the performance of a regression model, as it provides a
measure of how well the model is able to predict the values of the dependent variable. It is commonly
used in machine learning and statistics to compare different models and select the best one based on
the lowest MSE value.

To determine the word’s difficulty level, this study calculate the mean squared error (MSE)
between the set of word resolution times and the final clustering centers of level A, B, C respectively.
The results are as follows: 143.43 for level-A, 68.14 for level-B and 421 for level-C. The MSE with
level-B is the smallest, which states the difficulty level of RUDDY is B.

In order to explore the accuracy of the assessment model, the correlation between attributes and
difficulty level is constructed to make a second judgment on the difficulty of the word RUDDY.
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RUDDY has one attribute: two repeated d, which preliminarily rank RUDDY ‘s difficulty level as B.
Table.3 and Table.4 show the specific process of classification.

4.

Table.3. Mean square error.

Mean Square Error
Word ith A | with B [ with C
tough | 45.14 | 207.86 | 601.57
cider | 148 | 60.43 | 366.43
above | 129.71 | 79.57 | 478.14
ruddy | 143.43 | 68.14 | 421

Difficulty Level

W|W|wW|>

Table.4. Difficulty classification

. Category
Word | Related Attribute Preliminary Inference | Final Result
tough first A
cider er, first, last B,A C B
above first, last A C B
ruddy repeat B
Conclusion

This study utilizes K-means clustering to classify word difficulty. The model shows high accuracy

and suitability after thorough testing. However, the paper lacks quantified correlations and visualized
data. Recommending listing formulas based on correlation coefficients to calculate a final correlation
score for better data interpretation and model accuracy. Future research can explore additional
techniques and visualization methods for comprehensive representation, improving the understanding
of word difficulty and model performance.
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