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Abstract. The word guessing game, Wordle, has attracted considerable attention from 

researchers in computer studies and mathematics due to its significant relevance. Many studies 

have been taken on Wordle to explore its potential in simulating human behaviors during 

gameplay and devising optimal strategies for players. In this paper, strategies based on 

mathematics theories or machine learning technologies are compared by their feature importance 

in order to explore whether there is a loss of feature meaning in machine learning methods. In 

the whole study, the effect of features and their relations to the expectations of tries of game 

Wordle are also explored. More specifically, this paper introduces machine learning models such 

as linear, random forest, bagging as well as gradient boosting decision trees to visually provide 

a relation between word’s features (such as repeat frequency, vowels, consonants) and the 

expectation of attempts in a game. After establishing machine learning models, the feature 

importance is derived by feature engineering techniques. The importance is then compared with 

spearman statistical correlations based on the dataset to hence draw the conclusion of the change 

of feature meaning in machine learning methods. Study results indicate that there is loss of 

meaning and effect of features in the better fitted prediction models (gradient boosting decision 

trees, random forest) compared to the statistic approaches. 
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1.  Introduction 

Wordle, a word guessing game introduced by New York Times, has captured the minds of the internet 

since its inception in last year. Because of its simplicity but strong correlation to computer studies, 

Wordle rapidly gets millions of people immersed in it, not only players, but also researchers in different 

fields. In this game, players are given at most six attempts for guessing a five-letter-formed word (words 

are different every day), at each attempt, they will be given relevant hints with colored tiles to help 

guessing (color tiles will be specifically introduced in next section) [1]. Given the game's profound 

relevance to informatics, mathematics, and computer science, research on it provides a great meaning 

for applications in algorithm simulating human behaviors in this type of games [2], and promotes studies 

in machine and deep learning technologies in game prediction [3]. 

In the previous studies of Wordle, researchers have devoted in discovering an optimal strategy to win 

this game and aiding in the analysis and optimization of individuals' decision-making processes during 

gameplay. One of the approaches was using mathematical and statistical theories to analyze the guessing 
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process and make prediction of possible situations, refer to knowledges of probability and combinatorics 

[4, 5], combining with Wordle’s linguistics backgrounds [1]. This prediction was frequently completed 

by various mathematical derivations, like fully discernible set, character statistics label [6], and vector 

rank one approximation [7]. These all provide a rigorous solution to main problem when considering an 

efficient strategy, including abstractly deducing the process of guess, and translating word information 

into mathematical languages [8]. Consequently, these mathematical approaches greatly improve the 

accuracy of making guess, efficiently reducing the expectation of total tries, for example, in [7], with an 

initial guess of “SLATE” the method, the author solves puzzle in 4.04 guesses on average, with success 

rate of 98.7%. In [1], internal key words and external words were selected in order to calculate determine 

combination with highest probability, as a result, the p-optimality method (find a best probability p) and 

p-FDS method (best probability p based on fully discernible sets) have expectation of 3.773 and 3.769. 

In addition to math, with the increase of Wordle’s data, more strategies based on machine learning were 

proposed. Different from mathematical derivations, machine learning (especially reinforce learning) 

simulated the whole process and grabbed the main characters during each process to estimate parameters 

on-line, avoiding lack of practicality and making full use of big data. In [9], the authors apply 

Reinforcement Learning (RL) based on approximation in value space and the rollout algorithm to 

translate the process of Wordle into a Partially Observable Markov Decision Process (POMDP) problem 

and derive an adaptive control approach. The expectations of guess reduced 0.19 from 3.32 to 3.13. 

While in [2] and [10], epsilon-RL method was used when considering Wordle a NP-hard problem. In 

other research, the Convolutional Neutral Network with NP problem was also applied [11]. All these 

above indicate the progress in establishing the best strategy. Nevertheless, so far there is no specific 

research that discusses how features of the words under linguistics backgrounds affect its true 

expectation of tries. Because when using machine learning methods based on big data, sometimes some 

of the features may disappear or diverge from its original effect, which might be meaningless [12, 13]. 

Thus, this study aims to explore the effect of features and make comparison of their performance 

difference between math and computer approaches, when making prediction of expectations. 

Under this consideration, this study designs to analyze relations between word features and this true 

expectation from Wordle’s recorded data and establish machine learning models to visually present the 

results. To discover and transform word features, the specific standardization method is deployed. The 

machine learning models used for predicting composed of linear, random forest, bagging and Gradient 

Boosting Trees (GBDT). Finally, a comparison of feature importance in statistics and machine learning 

is conducted. 

2.  Methodology 

2.1.  Wordle rules (color tiles information) 

The specific rules of Wordle are as follows: players need to guess for the correct five-lettered word in 

six attempts. After each attempt, colored tiles are given: the grey blocks represent the non-existence of 

letters, while the green blocks represent the existence of letters with actual correct positions in the word. 

The yellow ones mean that there are such letters, but they are in wrong positions. 

The following Figure 1 shows a whole process: In first attempt (line 1), the grey blocks indicate that 

there is no letter “A” and “I” in this word, while yellow ones indicate there is “R, S and E” in this word, 

but not at positions as first guess. In second attempt (line 2), the green “R” means the existence of “R” 

at beginning of this word (actually, the word is rebus).  
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Figure 1. Ample game process. 

Photo/Picture credit: Original 

2.2.  Dataset description and preprocessing 

This study utilizes the revised dataset sourced from the Wordle Tweets dataset available on Kaggle [14]. 

The original dataset consists of all reported and published results since wordle 210. It records everyday 

player’s data in 5 columns, including id, date, usernames, and answer matrix of wordle. Among them, 

the id and answer columns are extracted, which has 34,705,452 results. In other words, the total number 

of samples is 34,705,452, separated by different dates and wordle words. 

The processing consists of three parts. Firstly, the whole dataset is categorized by date and title words. 

This classification is performed to facilitate the exploration of relations between word features and this 

true expectation, it is necessary to synthesize data with the same word together to obtain the whole data 

for each word such as the number of attempts and success rates. This procedure involves sorting out 

dataset by different date, from 2022-1-7 to 2023-4-30, because by the rule, the answer word for Wordle 

keeps the same every day. During this step, based on derived data, this study also lists different columns 

of data to describe every day’s situation, these include the total numbers of tries, percentages for 

different tries (from 1 to more than 6), expectations of tries and success rate (success is defined to be 

the number of tries that are less than or equal to 6). Secondly, the dataset is revised since there are a few 

data not well recorded, some of their percentage (of tries) sum exceed 100%, while few of them has only 

4-letter formed words. Some date, might be due to technique problems, has not been recorded. After 

taking a series of statistical tests, these data are scaled or removed, since the sample size is sufficiently 

large and there is no significant change under revision. The size of samples becomes 477 × 14 (477 

words with 14 columns of feature or success rate indicators). Finally, and the most important, this study 

derives possible relevant features from words and then translates them into digital descriptions in dataset. 

A word, for example, “apple” can have the following linguistics features: five letters, vowels and 

consonants, repeated letters, different meanings. There should be more relevant characteristics, but the 

most influential and explicit ones are considered in this study. More specifically, in word apple, letters 

“a, p, p, l, e” are recorded by their position orders in alphabet, “a” is the 1st one, “p” is the 16th. Then 

for vowels, letters “a, e, i, o, u” are recorded, and others are recorded as consonants, while repeating 

frequency are counted as well (“apple” has repeating frequency of 2). The time features are considered 

as well. 

2.3.  Proposed approach 

Machine learning models offer valuable tools for visually present relations between features and 

expectations [15-17]. Therefore, they are introduced in this study to choose the optimal model for 

predicting expectations of attempt for Wordle. The specific models used consists of linear, random forest, 

bagging and Gradient Boosted Decision Trees (GBDT). The following section introduces these models 

briefly. 

Linear regression fits a linear model with coefficients of 𝑎 = (𝑎1, 𝑎2, 𝑎3 … ) to minimize residual sum 

of squares between the observed targets in the dataset, and the targets predicted by the linear 

approximation.  
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The random forest regression model establishes a forest of decision trees and combines all trees 

together, each tree in the ensemble is built from a sample drawn with replacement from the training set. 

Individual decision trees typically exhibit high variance and tend to overfit, by taking an average of 

individual tree’s predictions, some errors can cancel out, and whole result can obtain a reduced variance. 

Bagging method builds several instances of a black-box estimator on random subsets of the original 

training set and then aggregate their individual predictions to form a final prediction. It can improve 

single model and reduce the risk of overfitting. 

GBDT applies several loss functions on decision tree regressor to ensure accuracy, which has various 

uses in machine learning. It adds newly fitted trees to minimize the sum of losses. By default, the initial 

model is chosen as the constant that minimizes the loss. Therefore, at each iteration, the estimator is 

fitted to predict the negative gradients of the samples. The gradients are updated at each iteration, which 

can be considered as some kind of gradient descent in a functional space.  

After establishing models, every feature’s performance in those computer science method is analyzed, 

and compared with statistical performance, like Spearman and Pearson correlations. This study then 

presents difference and similarity of feature importance in both math and computer method of strategies 

to make brief discussion. 

2.4.  Evaluations 

Evaluation of prediction models are based on the calculation of 𝑅2 score between the predicted results 

and training dataset:  

 𝑆𝑆𝑟𝑒𝑠 = ∑ (𝑦𝑖 − 𝑓𝑖)2 𝑖  (1) 

 𝑆𝑆𝑡𝑜𝑡 = ∑ (𝑦𝑖 − 𝑦̅)2 𝑖  (2) 

 𝑅2 = 1 −
𝑆𝑆𝑟𝑒𝑠

𝑆𝑆𝑡𝑜𝑡
 (3) 

where 𝑦𝑖 represents the predicted value of given data, 𝑓𝑖 is the true value and 𝑦̅ is the mean value of data. 

The score represents the degree of the model can explaining the observed data, the higher [18], the better 

it fits.  

3.  Results and discussion 

3.1.  Prediction performance 

After applying machine learning algorithms on the dataset, models for predicting expectation are 

automatically fitted and a table containing calculated evaluations, such as 𝑅2 scores and Mean-squared-

error (MSE) is shown in Table 1. 

 

Table 1. Prediction performance based on diverse models with evaluations of 𝑅2score and MSE. 

Models 
𝑅2 score 

(Training set) 

𝑅2 score 

(Testing set) 
MSE 

Linear 0.4531 0.3532 0.07635 

Random Forest 0.9458 0.6244 0.04435 

Bagging 0.9237 0.5862 0.04885 

GBDT 0.9018 0.6808 0.03769 

 

The table indicates that among four models, GBDT exhibits the highest 𝑅2 score on the testing set 

of 0.6808 and the lowest MSE of 0.03769. In contrast, the training set performance demonstrates notable 

proficiency across all models, except for the linear model, with 𝑅2  score exceeding 0.9. Since the 

performance on the testing set is more crucial when considering the power of prediction, GBDT and 

Random Forest is more convincing when making predictions. 
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In order to facilitate a more straightforward and lucid interpretation, a series of plots shown in Figure 

2, Figure 3, Figure 4, and Figure 5 related to predicted values by different models are shown below, 

compared with true values. 

 

Figure 2. The predicted performance of Linear model. 

Photo/Picture credit: Original  

 

Figure 3. The predicted performance of Random Forest model. 

 Photo/Picture credit: Original 
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Figure 4. The predicted performance of Bagging model. 

Photo/Picture credit: Original  

 

Figure 5. The predicted performance of GBDT model. 

 Photo/Picture credit: Original 
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The line charts offer a more comprehensive examination of the models' performance. Upon analyzing 

these plots, it becomes apparent that GBDT exhibits superior efficacy in handling challenging scenarios 

characterized by highly difficult or straightforward words, as compared to Random Forest and Bagging.  

This is reflected in the plots that GBDT fits most peak and valley points well. Moreover, all models 

present different degrees of delay of prediction, but also GBDT acts to the rapid change of trends better. 

These may not be sufficient to verify that GBDT is the best model to predict expectation of attempts, 

but it is better among the four algorithms. 

3.2.  Feature importance of various models 

Based on the model result, a comparison of feature importance in statistics and machine learning is 

conducted, demonstrated by Table 2. The statistical method is spearman correlations while Random 

Forest and GBDT are chosen as machine learning methods since they have better prediction performance. 

 

Table 2. Feature importance and correlation (to expectation) of statistical methods and machine learning 

models. 

Features 
Spearman correlation 

with expectation 
Random Forest GBDT 

Success rate -0.761 0.625 0.662 

Repeat frequency 0.436 0.054 0.081 

Position 1 -0.051 0.037 0.040 

Position 2 0.002 0.029 0.028 

Position 3 0.098 0.045 0.037 

Position 4 -0.092 0.040 0.038 

Position 5 0.088 0.043 0.043 

Consonants 0.007 0.006 0.001(2) 

Vowels -0.007 0.007 0.001(1) 

 

The table provides evidence that the distinction emerges at the repeated frequency, where all 

variables share the common dominant feature of success rate. Nevertheless, the statistical correlation 

associated with the repeated frequency is 0.436, whereas it diminishes to 0.054 and 0.081 in machine 

learning models, respectively. This is due to the basic algorithm of those models, since they tend to 

choose the dominant features and then sharply decrease the significance of other features to guarantee 

the accuracy of predicting. In addition to the decreasing importance of repeating letters, there is also 

difference in the features of position letters. They present a lower variance in machine learning 

approaches, which seems that all positions have no significant difference. Nevertheless, there is a big 

gap between positions in statistical analysis. The inverse situation appears for vowels and consonants, 

they are same important because of symmetry, but it is not the case in fitted models. All above shows 

that indeed a loss of feature meanings when fitting models. These behaviors can weaken the convincing 

of prediction models to different degrees, and further affect the accuracy of proposed strategies using 

these models. 

4.  Conclusion 

In this study, relations between word features and this true expectation from Wordle’s recorded data 

have been discovered. The comparing analysis between statistics and machine learning models is also 

held in order to investigate whether there is a loss of feature meaning when using these technologies. To 

achieve this goal, machine learning models are, and feature engineering technologies are used. Study 

results demonstrated that the Gradient Boosted Decision Trees model has better performance in 

predicting expectations. Study results also presented that some of the features lose or diverge from its 

original effect in the fitted models, which might weaken the power of predicting. In the future, a further 

study can be designed to investigate how the loss of meaning of features can affect the accuracy of 
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machine learning models in previous strategies. Additionally, more feature relations will be added to 

complete this research, providing more results of these analysis, offering a broaden view. 
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