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Abstract: This study delves into enhancing the gaming experience by strategically predicting and analyzing Wordle outcomes.
Rooted in prediction and analysis principles, our P&A model employs a systematic approach. Beginning with an exploration of
statistical patterns in game results, we construct a predictive model for March 1 using methods such as trend analysis, median,
variance, paired sample t-tests, and chi-square independence tests. Short-term outcome predictions incorporate time series
ARIMA and support vector machine models for improved accuracy. The subsequent phase develops a model to predict future
Wordle solutions, addressing uncertainties through practical examples and neural networks. Difficulty classification of Wordle
solution words is tackled by associating attributes with each category, employing K-MEANS clustering, and optimizing it for
better performance. Modified K-MEANS clustering assesses indicators' significance, and machine learning with XGBoost
assigns importance scores. In conclusion, our predictive and analytical exploration of Wordle questions 1, 2, and 3 culminates in
a dataset listing and description. The integration of the P&A Model, K-MEANS clustering, ARIMA, and various methodologies
represents a significant advancement in unraveling the dynamics of Wordle.

Keywords: P&A Model; K-MEANS; ARIMA; Wordle.

. concrete example of our prediction of the word EERIE on
1. Introduction March 1,2023,
1.1. Problem Backeround (3) Develop and summarize a model to classify solution
i ,g ) ) words by difficulty. Identify the attributes of a given word
The Wordle description on the New York Times website associated with each classification.
explains that the color of the tile will change after you submit (4) List and describe some other interesting features of the
the word. A yellow square indicates that the letters in the dataset.
square are in the word, but in the wrong position. A green
square indicates that the letters in the square are in the word 1.2. Our Work

and in the correct position. A gray square indicates that the In this problem, our work revolves around power curves.
letters in the square are not included in the word at all. Our specific tasks are as follows:

(1) The number of reported results changes every day. Task 1: We are to build a model called P & A model in order
Develop a model to explain this change and use our model to to predict its results on March 1. Our model will analyze the
create a prediction interval for the number of results reported statistical rules of the report results and predict their results
on March 1, 2023. Identify attribute of this word affecting the on March 1 based on the recorded quantitative data. First of
percentage of reported scores played in difficult mode. all, we need to pre-process the provided data, deal with the

date in the attachment, the game number, the word of the day,

the number of people reporting the score of the day, the
wo rd le number of players in the difficult mode, and the percentage of

guessing the word once, twice, three times, four times, five

Fig 1. The name of the crossword game attempts, six attempts or problems that cannot be solved.
Studying the change rules between the indicators can be

olbnoW assisted by drawing visual charts. To analyze the statistical

law of indicators, we must first use the most basic statistics.

v ]3] Trends, medians, variances, and so on are all factors we need

~om to consider. Then we use the paired sample t test to process

continuous data, and the chi-square independence test to
process discrete data. The grey correlation method is also in
our consideration solution strategy. We use time series
ARIMA and support vector machine to predict the number of

‘!_ ﬂﬂ y short-term, and combine multiple models to improve the
o @ = prediction accuracy.

Fig 2. Crossword game running interface Task 2: We develop a model for a given future solution
word for a future date, predict the distribution of report results,
(2) For a given future solution word for a future date, and find out which uncertainties are related to our model and
develop a model so that you can predict the distribution of prediction. The distribution results are predicted by practical
report results. In other words, predict the relevant percentage examples, and the neural network is used for multi-value

of future dates (1, 2, 3, 4, 5, 6, X). Identify what uncertainties prediction to improve the training accuracy and dimension.
are associated with our models and predictions and take a Task 3: We are to discuss the effect of environmental
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factors on results. To identify the properties of a given word
associated with each category, we develop and summarize an
analysis model to classify solution words by difficulty. Think
and adopt the commonly used K-MEANS clustering analysis
problem algorithm, and improve it, innovate and improve it.
To optimize the algorithm, we will use the modified K-
MEANS clustering analysis after we use the good and bad
indicators between different algorithms. This paper studies
the relationship between multiple indicators. Firstly, the
machine learning method uses XGBoost to assign importance
scores to each indicator to construct a factor analysis-
clustering model. Then, exploratory factor analysis is used to
reduce the dimension and visualization of multiple variables,
so as to more intuitively reveal the differences of each
indicator. After the classification is completed, the rationality
and sensitivity are analyzed, and the calculation results are put
on. For the word attribute of EERIE, a discriminant function
is established to analyze the classification accuracy.

Task 4: Based on our predictions and analysis of Questions
1,2 and 3, we list and describe some other interesting features
of the dataset.

We extend the P & A model separately to obtain different
objective functions and control equations, and then find new
optimal solutions.

2. Assumptions and Justifications

To simplify the problem, we make the following basic
assumptions, each of which is properly justified.

Assumption 1: Each player sample is independent of each
other, and there is no interaction between the number of
attempts, the number of reports, and the number of difficult
patterns.

Justification: Ignore the interaction between the number of
attempts, the number of reports, and the number of difficult
modes of players on their independence.

Assumption 2: The data of the number of indicators and the
number of attempts provided by the annex are true and
credible.

Justification: Regard he data of the number of indicators,
the number of attempts, and the type of attempts provided in
the annex as the results of the real player situation.

3. Notations

The key mathematical notations used in this paper are listed
in Table 1.

4. The P&A Model

4.1. Data Pre-processing

Firstly, the data of Annex I and Annex II are preprocessed,
we carry out equal precision measurement. get x; ,
Xy ..., X, ,calculate its arithmetic mean x and residual
errorv; =x; -x(i=1,2, ..., n), The standard deviation 6 is
calculated according to Bessel formula. If the residual error

of ameasured value (1 <b <n) satisfies the following formula:

[vp|=|xp-x [> 38

We believe that it is a bad value with gross error value,
which should be eliminated.

For some unreasonable data, we assume that this part of the
data is due to manual writing errors or sampling errors, and
properly handle these data, we decided to modify or eliminate
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the method. We assume that the background value range of a
given index is limited to the x + 33 interval, so we consider
the data in the interval (x- 33, x + 30) as a normal range value,
and we correspondingly eliminate the abnormal data. Then
we use the box plot to accurately determine the value of the
extreme abnormal value. For this part of the data, we
eliminate it and insert the corresponding value.

Table 1. Notations used in this paper

Description Variable
Difficult mode or not y
Number of players X
Number of difficult choices x2
Number of words x3
Number of reports x4
Try i times success number Wij
Spearman correlation coefficient Te
Discriminant coefficient p
Grey correlation degree T
Normalized data x;’
Threshold 6;
Expected output value Vi
Skewness S
f kurtosis k

When there are outliers in the data, especially outliers with
large deviations, it will bring errors to data analysis and
modeling. Therefore, it is necessary to detect outliers.
Commonly used outlier detection methods include 36 rule or
Z distribution method, which is based on the assumption of
normal distribution. Because the distribution of some
numerical features in this paper does not conform to the
normal distribution, that is, the data distribution is not
uniform. Therefore, this paper chooses to use the box line
diagram that does not require data distribution to detect
outliers in numerical characteristics.

The principle of using box plot to detect outliers in data is:
by calculating the quartile plus or minus 1.5 times the quartile
distance, that is, calculating the values of Q1-1.5IQR and Q3
+ 1.5IQR, the data falling outside this interval is specified as
outliers. In the box plot, the median, upper quartile, lower
quartile, upper and lower edges and potential outliers of the
variable data can be seen. In this paper, the upper quartile is
used to replace the data whose value is greater than Q3 +
1.5IQR, and the lower quartile is used to replace the data
whose value is less than Q1-1.5IQR, and the anomaly is
drawn.

The predicted results subtract the error to obtain the left
boundary of the prediction interval, and add the error to obtain
the right boundary of the prediction interval. The final
prediction interval is [18578-22562].



Fig 3. Box diagram operation results
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Fig 4. Box diagram of the operation results of the concentrated
graph

4.2. Grey Relational Analysis

Using the theory of grey systems, grey relational degree
analysis was conducted on various subsystems. Non-
dimensionalization, difference calculation, and correlation
calculation were used to overcome the dimensional
differences of each factor, and to perform quantitative
analysis on the numerical relationships of each subsystem (or
element). Among them, grey relational degree analysis is
based on the comparability and similarity of sequences,
analyzing the main direction of system development and the
correlation of each influencing factor, thus providing a
quantitative measurement index for the evolution trend of a
certain system.

In an objective system, grey system analysis can more truly
and comprehensively reflect people's understanding of the
objective system, and can achieve both qualitative and
quantitative effects. The steps are as follows:

(a) Take the number of players as the mother sequence, and
take the x,(k)as various index influencing factors, with
adjacent player number indices as the subsequence.

(b) Calculate the difference sequence according to the
following formulaAi(k), and find the maximum and minimum
absolute difference values in the calculation results.Amin,
AiK) = x'(K) — xo'(K).

(c) Calculate the correlation coefficient and grey relational

degree  for  each  station  location. q:(k),i=
1,2,3 ...andy;,i= 1,23... Vvi,Y2, Y3-
n
Amin + p X Amax 1
) = 55 T o amax Vi ;kzl a:(k)

where is the distinguishing coefficient, generally taken as
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0.5. We believe that the closer the value is to 1, the better the
correlation between this factor and the main direction of
system development. Using thermodynamic diagrams and
EXCEL software to perform linear analysis on the grey
relational degree, the results are as follows.

o1ty -9 s s s -9 s 4 tries 5 (X Number in >

'A'\r'v*wl
SWAMA A Ak P
Wi,
Wik

W‘h&l\w\ “J
WNM/

Fig 5. Thermodynamic diagram and EXCEL software linear
analysis results of grey correlation degree

The visualization results of the player number are shown in
the above figure.

Based on the dimension reduction of the twelve indicators
in the problem to six factors, the relationship between the
change in the number of players and each indicator can be
obtained. Therefore, the differences in the number of
difficulty patterns for words with different attributes can be
analyzed and obtained. For example, the effect on Excel
words has a positive coefficient of 3.55, while for EERIE, it
is a negative correlation with a coefficient of -4.98.

Table 2. Excavation evaluation result

Evaluation item correlation ranking
1 0.724 1
2 0.718 2
3 0.697 3
4 0.671 4
5 0.668 5
6 0.662 6

The similarity between each evaluation item and the
"reference value" (parent sequence) is calculated by the
average of the correlation coefficients. By mining the
discovered correlations, information about one attribute can
be inferred from information about another attribute, and to
some extent, this rule can be proven correct. The larger the
correlation, the higher the correlation between the evaluation
item and the "reference value", and the higher the correlation,
the higher the correlation between the evaluation item and the
"reference value". By combining the various evaluation
indicators with their correlations, the weightings for each
indicator can be obtained.

We still consider whether time should consider the
difference between working days and non-working days, we
use grey correlation analysis. And set the following variables:
characteristic sequence variables: {weekday, 7 or more tries
(X), 6 tries, 3 tries, 2 tries, 4 tries, Number in hard mode, 1
try, 5 tries}; parent sequence variable: {Number of reported
results}; index item: {Date}. The dimensionless treatment:
{ mean } ; the resolution coefficient p : { 0.5 } is used as a
parameter.

We have analysis steps: (Initialization: as the name
suggests, it is to divide the data of this sequence by the initial



value). Because the order of magnitude of the sequence of the
same factor is not much different, these values can be sorted
to 1 by dividing the initial value.

Meaning: as the name implies, is to divide the data of this
sequence by the mean, because the order of magnitude of the
sequence mean is relatively large, so after removal can be
normalized to the order of magnitude of 1.

Step 1: Dimensionless processing (mean value, initial
value) is performed on the data.

Step 2: Solve the gray correlation coefficient between the
parent sequence (comparison sequence) and the feature

sequence.
Step 3: Solve the grey correlation value.

Table 3. Results of correlation coefficient

Step 4: The grey correlation value is sorted and the
conclusion is drawn.

Initialization: as the name suggests, it is to divide the data
of this sequence by the initial value. Because the order of
magnitude of the sequence of the same factor is not much
different, these values can be sorted to 1 by dividing the initial
value.

Meaning: as the name implies, is to divide the data of this
sequence by the mean, because the order of magnitude of the
sequence mean is relatively large, so after removal can be
normalized to the order of magnitude of 1. Our conclusions
and analysis of the conclusions are as follows:

Results of correlation coefficient

weekday Aor n:zyr)e {HIES 6 tries 3 tries

PRV

Number in hard

5 tries
mode

4 tries I try

2022-
01-07
2022-
01-08
2022-
01-09
2022-
01-10
2022-
01-11
2022

2022-
01-16

0.935895182
188528

0.940340580651
4696

0 0.953974267088

542

2 0.952182297770

1931025
0.967501692
2908487

0.972895
2087.

0.993640081
5316169

1
0.953825015
0.786728317

9956999
0.783700335

93
0.947272592493
3368

0.987256368078
9626
0.988847180451
6847
0.903057743496

0.862132273126 0.868

0.989715103335
0267
0.955402671477
71
0.990379907452
7119

0.814067819397 0.8

9748
0.810826163581
6

73
0.965004090854
1789
0.968703694397
233
0.936523008645

071
5697592
459

0.98528835253078 0.95724537502
01 93599

0.965646836334
9628

0.98770925912593 0.96976731303 0.¢

84
0.95063745101861 0.9
04

18947
33188159

0.94630644756494 0.94421517345 0.6

94 76499
0.98212465601919 0.98212707831

15 16267
0.90734708408945 0.90976417565

13 7338
0.90395421477373 0.88

73

62 76128
0.92023008432187 0.92023221092

0.90301465435581 0.91609207008
74 48177

3676
0.920305905082
3992

4 0.935204212270

8936
0.897618502353
847
0.871500165236

0.862343459591

0.930973541052
9724
0.915569619510
9376
0.929809545820
5319
0.918794688870
7791

591063657
4016
0.901736978511
5993
0.912257284002
2891
0.885299510889
479
0.860763625925
7982

1936

0.870994921884
9603
0.892361123131
0168
0.881968915910
3373

0.898305914324 0.98

4639
0.950893953365
9465

0.984903962033
9693
0.98809
0763
0.969522513970

43
2719
0.891620800714

2738462
9082

3 0.982599113458

7293
0.983547888134
3881
0.978819894766
9069

479
0.907788123183
1753
0.840309949637
248
0.844012225404

0.966364354828
7071

0.826644200850
9397
0.978838101415

0.88969 92301 0.88600551430
16636

0.81104375839677 0.80002864948
71 3771

0.850188916871
8799
0.830800319896

068

0.861983

3 0.963189942971

2852

8 0.964715976377

04

6974722
61067

0.753673676000

87810
60073

0.788829

316084091

20
01-20
20

0.807508237131
0434
0.776

0.855

0.93730903
0499

8 0.904092188955

2 0.819718277257

5707
0.791017311021

885

The diagram shows: the above table is the preview result;
all data please click the download button to export. The
correlation coefficient represents the degree of correlation
between the corresponding dimension of the subsequence and
the parent sequence (the larger the number, the stronger the
correlation).

Intelligent analysis: it can be seen from the above table that
the grey correlation analysis is carried out for 9 evaluation
items (weekday, 7 or more tries X), 6 tries, 3 tries, 2 tries, 4
tries, Number in hard mode, 1 try, 5 tries and 359 items of
data, and Number of reported results is used as the ' reference
value ' (parent sequence). The correlation between 9
evaluation items (weekday, 7 or more tries X, 6 tries, 3 tries,
2 tries, 4 tries, Number in hard mode, 1 try, 5 tries and Number
of reported results (correlation degree) is studied, and the
analysis reference is provided based on correlation degree.
When using grey correlation analysis, the resolution
coefficient is 0.5, and the correlation coefficient value is
calculated by combining the calculation formula of
correlation coefficient. (PS : The resolution coefficient p €
(0, ), the smaller the p, the greater the resolution. Generally,
the value interval of p is ( 0,1 ), and the specific value can be
determined according to the situation. When p < 0.5463, the
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Fig 6. Correlation coefficient diagram

The diagram shows: the correlation coefficient represents
the correlation degree of the subsequence weekday, 7 or more
tries (X), 6 tries, 3 tries, 2 tries, 2 tries, 4 tries, Number in hard
mode, 1 try, 5 tries corresponding dimension of the parent
sequence (the larger the number, the stronger the correlation).



Table 4. Grey correlation degree

Correlation results

appraisal items degree of association | rank
Number in hard mode 0.962 1
6 tries 0.919 2
3 tries 0.916 3
5 tries 0.916 4
4 tries 0.915 5
2 tries 0.914 6
7 or more tries (X) 0.91 7
1 try 0.91 8
weekday 0.899 9

The diagram shows: the correlation degree indicates the
degree of similarity between each evaluation item and the '
reference value ' (parent sequence), which is calculated by the
average value of the correlation coefficient. The correlation
value is between 0 and 1. The greater the value, the stronger
the correlation between the evaluation item and the ' reference
value ' (parent sequence), the higher the correlation degree,
which means that the closer the relationship between the
evaluation item and the ' reference value ' (parent sequence),
the higher the evaluation. Combined with the correlation
value, all evaluation items are sorted to obtain the ranking of
each evaluation item.

Fig 7. Correlation coefficient Correlation degree diagram

Intelligent analysis: Combined with the above correlation
coefficient results, the correlation degree value is finally
obtained, and the correlation degree value is used to evaluate
and rank the nine evaluation objects. The correlation value is
between 0 and 1, and the larger the value, the stronger the
correlation between it and the ' reference value ' (parent
sequence), that is, the higher the evaluation. From the above
table, it can be seen that for the nine evaluation items, Number
in hard mode has the highest evaluation (correlation degree :
0.962), followed by 6 tries (correlation degree : 0.919).

Analysis results: Grey correlation analysis is to calculate
the correlation between the feature sequence and the parent
sequence : the correlation between Number in hard mode and
Number of reported results is 0.962, the correlation between
6 tries and Number of reported results is 0.919, and the
correlation between 3 tries and Number of reported results is
0.916. The correlation between 5 tries and Number of
reported results is 0.916, the correlation between 4 tries and
Number of reported results is 0.915, the correlation between
2 tries and Number of reported results is 0.914, and the
correlation between 7 or more tries (X) and Number of

286

reported results is 0.91. The correlation degree between 1 try
and Number of reported results is 0.91, and the correlation
degree between weekday and Number of reported results is
0.899. The number in hard mode has the largest correlation
degree with Number of reported results, and the weekday has
the smallest correlation degree with Number of reported
results.

The forecasting model based on weighted moving average
is utilized to predict the change range of detection data on
March 1st by analyzing historical records. As the number of
historical data before March constitutes a time series in this
problem, time series models are appropriate for predicting the
quantity of various indicators on March 1st. Popular methods
in time series modeling include moving average, exponential
smoothing, and adaptive filtering. We choose the weighted
moving average method for prediction.

Further analysis reveals that the difficulty level of players'
gaming modes varies, resulting in a possibility of undetected
data, leading to "0" values in the overall data. We handle the
data by calculating the weighted average, and adopt the
normal distribution curve function for weight distribution
during the weight calculation. Suppose the 12 indicators, such
as the number of players, detection results, and the quantity
of difficult modes, are denoted as x1, x2, ..., x12, and their
weights are denoted as wl, w2, ..., wl2. After the change, the
new 14 indicators are x1', x2', ..., wl4' with weights wl',
w2, ..., wl4'. In assigning weights, standard normal
distribution is utilized to assign weights to different quantities.
The standard normal distribution formula is as follows:

1

J?.fr

e 2

f(x) =

By multiplying each column data with the standard normal
distribution function, the weighted average is obtained as
follows: (formula)

X{Wi+XoWy+ -+ X4 Wy
W1W2+"'+W14_

_xjwi + Xy + o+ X Wy

- witwy+ -+ wy

X =

xl

Let @; represent the weighted proportion of the quantity for
the i mode, then Matlab is used to program and solve this
problem to forecast the range of the number of different
difficult modes on March Ist.

- |,«|

5. BP Neural Network to Problem Two

5.1. Using BP Neural Network to Predict the
Distribution of Results

BP neural network is a type of neural network whose
learning process is based on error backpropagation. It is
implemented using MATLAB. At each iteration, the weights
and thresholds are modified based on the analysis of the errors
between the obtained and expected results, until a model that
can output results consistent with the expected ones is
obtained.

Defining the input as the number of attempts in the game's



difficult mode, and the output as the occupancy percentage,
the problem can be transformed into a complex function
mapping problem, which is addressed using a five-layer
hidden layer and simulation processing in a BP neural
network. The function is treated as the activation function for
the BP neural network simulation. The processed numerical
values are transformed into the range of (0,1), by discretizing
the continuous data into discrete data.

Step 1: The training set and testing set are obtained by

randomly selecting 30 data samples with each indicator
obtained after removing outliers and normalization. Five data
samples are used as the validation set.

Step 2: The BP neural network is constructed to map the
input of the neural units to the output. To establish the
relationship between the input and output data, a function is
used between the last hidden layer and the output layer, with
the expression as follows.

Table 5. Correlation coefficient run result data

Contest number report quantity Number of difficulties xI | ... x2 x3 | ... x6
533 32018 4733 49.30 o 37.44 35.10 o o 1.05
532 31191 4835 55.76 o 25.56 29.9 o o 1.8
531 35721 4809 57.46 o o 30.71 38.0 o o 2.01
530 31903 4906 56.75 o o 20.62 7.36 o o 2.05
529 35343 4928 1752 o o 27 41 41 54 o o 263
528 33660 4973 13.76 o o 24.59 46.80 o o 2.71
527 34281 5238 37.24 o o 39.92 78.1 o o 2.83
532 32018 4733 75.58805 30.22 50.3 o o 291

Fig 8. Correlation coefficient correlation result graph

input layer hidden layer

Ty — hi* ! — U

n! — Y2

piL-1

Y

pE-1
Ty — e

—Yn

Fig 9. Correlation coefficient figure

The expression between network input data and output data

is obtained.
T

ye'= Y vl

j=1

m
wii " pi + 6
i=1
(k =1, 2, ... N), It is the link weight, the threshold, the

expected output value, and the actual output value of the
network. The neural network structure diagram is as follows:

287

Neural Network
Layer . e \ LR
ol (ol (Bl

Fig 10. The neural network structure diagram

Step3 The parameters of the BP neural network the
parameters set in this model are as follows:

Table 6. The parameters set in this model

. training
Maximum .. .
.. results . training target training
training . learning rate .
interval error times
steps
steps
1000 1 0.0000001 0.000001 1000

The following table is the prediction results of BP network.

Stickiness level is a feature that simulates the imbalance of
game time during feature extraction. It is calculated by
calculating the difference of event counts between the first 30 %
and the last 30 % of the time period. Negative values indicate
that the user plays more at the end of the observed time
interval, so it is unlikely to try too many times, contrary to
players with a positive level of stickiness.

Sticky vectors provide a more detailed view of player
activity distribution. It consists of seven elements, each
representing 10 % of the total running time of the feature
extraction cycle. The value of the element is the percentage of
events recorded over the entire period over the corresponding
time interval.

Various combinations of feature extraction and churn
duration were extensively tested, plus several machine
learning algorithms. For feature extraction, the intervals of 1,
2, 3 and 7 days are considered, and the period of 1 to 7 days
is predicted, with a total of 28 combinations. The resulting



profiles are used as inputs for logistic regression, random

forests, and k-nearest neighbors.

Table 7. EERIE prediction table of proportion of different attempts

number proportion/% variance precision accuracy
1 22 10.2 7.9 2.1
2 6.3 14.5 3.1 1.2
3 14.1 2.5 6.186 7.58
4 35.1 2.3 5.817 5.11
5 30.8 3.4 6.7 3.7
6 10.2 2.9 9.5 43
X 74.8 2.2 5.3 8.1

Models built in this way are evaluated using metrics
previously described. Only based on accuracy, 72 % of the RF
algorithm will prevail, while the k-nearest neighbor algorithm
ranks the lowest at 69 %. In terms of F1 score, the highest
result of logistic regression was 0.78.

=

Naede @ 08| RE

RandomForestClassifier

4 AUC = 0.62231

0.9 F

°© o o
o N ®

true positive rate

<}
(]

0.4t

0.3
0.3

0.4 0.5 0.6 0.7

false positive rate

Fig 11. Logistic regression's highest outcome prediction graph

6. The Establishment and Solution of
Problem Three

We classify different word attributes based on difficulty,
and judge that the word EERIE belongs to a class. Further,
based on classification, we establish a systematic clustering
model of word types for the rationality and sensitivity
analysis of the classification model. On this basis, according
to the two divisions, the standard deviation problem is passed.
The two overall modeling processes are as follows.

0.8 0.9 1

6.1. Data Preprocessing and XGBoost
Algorithm

Table 8. Word feature type screening result table

type >6 Total accuracy range
difficult yes 99 81%- 100%
difficult no 97.25%- 100%
sample Yes 90. 17%-99.89%
sample no 88.41%-99.98%

Fig 7 Use Excel software to remove the values that differ
significantly between the two-word types and get the table 8.
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Then the feature engineering based on machine learning
method is used to test the importance of various features.

Machine learning strategies can be used for feature
screening of different types of classification problems. The
XGBoost algorithm is used for testing. The core idea of this
method is to continuously add trees to fit the last residual to
support parallelization and cross-validation to improve the
partitioning effect.

e (X, Y) = H(Y\—H(V|X"| = Zp{xl-p[y'xj—Zp{y)- log p(¥)

Finally, using information entropy, according to the
characteristics of the largest information gain, the information
gain is sorted from small to large to obtain the most important
characteristics.

6.1.1. Data Pre-processing Classification and
Subclassification
The paired sample t test of continuous attributes in the data
set and the chi-square independent test of discontinuous
attributes are as follows:

Table 9. Table of pairing results for successive attributes in the

dataset
. The feature set after one
(;2]0::6 s(f:}:r_s(tlﬁfg:ht(fls(; screening of classification
g features
sample 1 1,3,6,12
difficult 10 3,9,11,12

The second screening is carried out on the basic
classification, and the maximum information coefficient
method is used to analyze the large sample data set, and the
nonlinear variable relationship analysis is integrated. The
formula is as follows:

I(XY)= ZZp(x,y)log

ey yex

plxy)
plx)p(y)

6.1.2. Systematic Clustering Model of Word Types
System clustering (hierarchical clustering) algorithm:
Stepl: Classify each function.

Step2: Calculate the distance matrix between classes. The
last two classes are new classes.

Step3: Calculate the distance between the new class and
each class. When the number of classes is 1, perform the next
step, otherwise go to Step2.

Step 4: Drawing a cluster diagram.

Step 5: Determine the number and type of clusters.



Categorize each function

(Calculate the distance matrix
between classes. The nearest two
kclasses are new classes

v
(Calculate the distance between the new class
and each class. When the number of classes is
1, execute the next step, otherwise go to the
\previous step

Draw cluster diagram

(Determine the number and category of clusters)

Fig 12. System clustering (hierarchical clustering) algorithm

6.2. Support Vector Machine Model-assisted
Classification

6.2.1. Support Vector Machine Model

First, the training set and test set need to be extracted from
the original data, and then preprocessed. Then use the training
set to train the support vector machine, and finally use the
obtained model to predict the classification labels of the test
set. The process is as follows:

Classification
accuracy

Data
preprocessing

Selected training
sets and test sets

Training SVM
(training set)

forecast
(test set)

Fig 13. Model operation flow chart

a) Select training set and test set

Among the 35 samples, samples 1-8 belong to the first
category (category label 1), samples 9-21 belong to the
second category (category label 2), and samples 22-35 belong
to the third category (category label 3). Each category is now
divided into two groups and the data is recombined, one as a
training set (train _ wine) and the other as a test set (test.wine).

b) Training and prediction

The training set train _ Wine is used to train the SVM
classifier, and the obtained model is used to predict the labels
of the test set. Finally, the classification accuracy is obtained.

Table 10. Model visualization result

. type real
I Algorithm number number I accuracy I
| SVM 69 60 | 86.7% 1

The classification finally converges and the sensitivity is
good.

6.2.2. Support vector Machine Modelhe Classification of
Cluster Center Point and Each Word Component
are Obtained

Calinski-harabasz criterion is sometimes called variance
ratio criterion (VRC), which can be used to determine the
optimal K value of clustering, draw scatter plots between
variables, and mark cluster centers. The clustering effect is
observed by the histogram on the diagonal. The smaller the
cross section, the better the clustering effect, and vice versa.

Using Matlab programming to solve the clustering center
point and the classification of each word component, visual
analysis of ordinary words and difficult words before and
after the comparison, as shown below:

The central point of the cluster is solved and the
components of each word are classified, and the comparison
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graph between common words and difficult words is visually
analyzed.

5 7 9 11 13 15 17 19 21 23 25

Fig 14. The central point of the cluster is solved and each word
component is classified, and the result graph before and after
common words and difficult words is visually analyzed

6.3. The Evaluation Index Selection and
Solution of K-Means + + Model

The Calinski-Harabasz criterion can be used to determine
the optimal K value of clustering, which corresponds to a
larger inter-cluster variance and a smaller intra-cluster
variance. The optimal number of clusters corresponds to the
solution with the highest Calinski-Harabasz index value. The
range is set to 2-5 in Matlab, and the larger the C-H value in
this range, the better; draw a scatter plot between each
variable and mark the cluster center. Observe the clustering
effect through the histogram on the diagonal. The smaller the
cross section, the better the clustering effect. Finally, Matlab
is used to program and solve the clustering center point and
the classification of each word component. Through the
visual analysis of the comparison between ordinary words and
difficult words before and after weathering, the results are
viewed in the annex. The clustering analysis diagram of

ordinary words is as follows:
o

%23 @

2

32 (33.902%)

£hL
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Fig 15. The clustering analysis diagram of ordinary words

Analysis of clustering of common words the cluster center
point data of each category is obtained. Due to the large
amount of data, we put it in Appendix 3. The comparison of
the categories of different word types before and after
weathering is as Table 11.

6.4. Difference Judgment of Word Attribute
Association between Different Categories

On the basis of K-Means + + clustering results, some
appropriate indicators are selected to judge the difference of
classification results. In this paper, we choose CHI, DBI and
contour coefficient for comparative analysis. The description
of the three indicators is as follows:



Table 11. Labels of categories of different types of words

Belonging classification label
Category | simplel | simple2 | difficultl | difficult2
movie 2 2 2 3
cater 1 1 1 2
tease 3 1 1 2
smelt 3 4 1 2
focus 1 1 1 2
today 3 3 5 2
watch 1 1 1 2
lapse 1 4 1 2
month 1 1 3 1
sweet 1 1 4 4
hoard 1 1 1 2
cloth 1 1 1 2
brine 1 1 1 2
ahead 1 1 1 2

1) CHI index: The CHI index is the ratio of the separation
degree to the closeness of the data set. The separation degree
of the data set is measured by the sum of the square of the
distance between the center point of each class and the center
point of the data set, and the closeness of the data is measured
by the sum of the square of the distance between each point
in the class and its center. The better the clustering effect, the
greater the gap between the classes, the smaller the gap within
the class, that is, the closer the class itself, the more dispersed
the classes, and the larger the CH index value, the better the
clustering effect.

2) DBI index: The Davies-Bouldin index (DBI) (proposed
by David L. Davis and Donald Bouldin) is a clustering
algorithm for evaluating metrics.

3) Contour coefficient: Silhouette coefficient is an
evaluation method of clustering effect. The best value is 1 and
the worst value is — 1. Values close to 0 represent overlapping
clusters. Negative values usually indicate that the sample has
been assigned to the wrong cluster, because different clusters
are more similar.

Using Matlab programming to solve the index changes
before and after the weathering of different word types, the
specific analysis is as follows:

Table 12. K-Means + + clustering evaluation index comparative
analysis table

category Optimal classification CHI DB contour
number 1 coefficient

simplel 3 603.9374  0.41187 0.83888

simple2 4 21478.346 0.40376 0.80504

difficull 5 387.4223  0.13902 0.88246

difficult2 4 156.951 0.11074 0.93844 |

According to the analysis of the above table, the number of
common word classifications increases and the number of
difficult word classifications decreases. When the CHI index
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of common words increases significantly and the difficult
words decrease relatively, the clustering effect of different
word types can be obviously judged by CHI index. For DBI
index, common words. The DBI index decreased after a
thousand-fold increase; for the contour coefficient, the
ordinary words are further away from + 1 after weathering,
while the difficult words are closer to + 1 after weathering,
indicating that the correlation of difficult words is stronger,
while the correlation of ordinary words is relatively weakened.

4 -
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Y 3.12559 [ i

[
e |
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418 31719 720 92410302723 8 16

Fig 16. Pedigree diagram

The system cluster analysis model of word types:

Step 1: Take each sample as a class, each class has and only
has one sample, and there are n classes.

Step 2: Calculate the distance between n samples, construct
the distance matrix, and combine the two nearest classes into
a new class.

Step 3: Calculate the distance between the new class and
the current class. If the number of classes is equal to 1,
proceed to the next step, otherwise go to step 2.

Step 4: Draw a clustering diagram.

Step 5: Determine the number of classes and the number of
samples contained in each class, and explain the class
accordingly.

Matlab is used for programming solution. In the
programming solution, Euclidean distance is used to calculate
the distance between two samples, and the shortest distance
method is used to calculate.

Model based on statistical analysis and clustering method :
factor analysis-clustering model .Considering the previous
concepts, we can now define the problem complexity space.
Given a standard training set D and the strategy of generating
M new training subsets DSi, each subset contains only a
percentage of the samples obtained from D. Through unified
sampling and replacement, for each DSi, we can estimate the
difficulty by complexity measure. Figure 2 shows the
complexity space of a given classification problem, which is
represented by two complexity measures (F1 and N2). Each
element in this space corresponds to a subproblem (data
subset, DSi) with its own difficulty level. It should be
mentioned that the strategy for generating subsets of data
from D plays an important role in the problem space
representation. To explain more clearly, consider the
projection neighborhood of a given test instance in the same
space to find similar subproblems. In the example of Figure
2, the most similar subproblem is represented by DSi. We
expect that the classifier trained on DSi can provide the
necessary skills to handle the test instance.

We choose to distinguish clustering and portrait description
to process features and understand the relationship between
word attributes and various factors. We choose to compare K-
Means algorithm and hierarchical clustering.
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Fig 17. The most similar subproblem is represented by DSi.

The K-Means algorithm belongs to unsupervised learning,
which classifies similar objects into the same cluster. Its
central idea is to set a k value to randomly give K initial
cluster center points, and allocate the data to the cluster
contained in the nearest cluster center point. After all points
have their own clusters, the new cluster center point is
calculated again by averaging the values of all points in the
cluster. Repeat the above operation until the center point is
almost unchanged or repeat enough iterations. The algorithm
is relatively fast and simple, and is suitable for mining large-
scale data sets. It has high efficiency and scalability for large-
scale data sets, and the overall application is very extensive.

Hierarchical clustering is a kind of very clustering
algorithm, which is mainly based on the level, according to
the different data categories but the similarity between each
other to form a very hierarchical nested clustering tree. From
this tree, we can obtain a view that can be directly observed,
whether it is a bottom-up merge or a top-down classification,
so that we can observe more vividly and directly.

The contour coefficient can also be called the Silhouette
score. The main idea is to obtain the average value a by
measuring the distance from the sample i to other points of
the attribution degree of whether i belongs to the cluster,
which can also be called similarity. At the same time, we
measure the average distance between the sample and the
sample in other cluster C as b, and we call b the non-
attribution degree of the sample and cluster C also known as
dissimilarity. When the obtained value is closer to 1, the
clustering of the sample point is more appropriate.

()= b(i)—a(i)
 max{a(i), b(i)}

Through the above manipulation, we can conclude that
under these two methods, the best effect is when the number
of clusters is 2. At the same time, the clustering results of the
two methods are roughly the same. The following diagram is
the hierarchical diagram obtained by using the hierarchical
clustering method.

| \
bpa S ey [ o)

Fig 18. Hierarchical tree of hierarchical clustering

|

Hierarchical clustering method, also known as hierarchical
clustering method, is a common method in cluster analysis.
Its operation method is to take each sample itself as a class,
and then the group with the smallest distance is first
aggregated into a small class, and then the small classes
aggregated together are merged according to the distance
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between the small classes, so as to continue, and finally
merged into the large class. The advantage is that many
classifications from coarse to fine can be obtained. The
detailed operation process is shown in the following figure.
The clustering map after dimension reduction is drawn with
the three-dimensional coordinate system, and the factor
analysis-clustering model is made by the projection of factor
0 and factor 1 on the two-dimensional plane.

Fig 19. Factor analysis-clustering model
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Fig 20. Factor analysis-clustering model

The following figure shows the corresponding results
obtained through the clustering of SPSS. The elbow method
is used to further obtain K (the number of clusters). The
aggregation coefficient is the y-axis, and the number of
clusters k is the x-axis. The elbow figure made by SPSS is
shown below.

1 5 9 131721252933 3741454953 57 616569 73 77 8185 89 93 97

Fig 21. Elbow figure

According to the overall trend of the observation graph, it
can be seen that when k is 5, the decreasing trend of the
aggregation coefficient is obviously slowed down, so we
think that the number of clusters is 5.

For the discriminant function method, we assume that ten
words with different levels of difficulty are obtained
according to six index factors. For a new word, we only need
to substitute it into our discriminant equation to obtain the
difficulty level it belongs to.

The sample mean of ten levels of word difficulty level in
the d-dimensional feature space is:

1
Mi = ;Z\';\- € Yl\'}\' ,i = 1,2, ,10
i



After mapping o transform to one-dimensional feature
space, the average values of various types are:

1
m; =;Z)»’,\. ey, ,1=12,..,10
1

' 1

After mapping, the of various

samples is defined as:

within-class dispersion

51,2 — Z_y,‘. €Y,(y, —my)? ,i=12,..,10

Obviously, we hope that after mapping, the larger the
distance between the average values of the ten classes, the
better, and the smaller the divergence within each class, the

better. Therefore, the Fisher criterion function is:

e (@) (my; —m,)?
W) =G
P T 52452+ 82

So the maximum solution is the best solution vector,
namely Fisher linear discriminant method.

w = Su_)l(Ml - M, — M;)

Where, w is the total dispersion matrix within the class. Ten
kinds of discriminant functions are solved, and the
determination coefficients and constants are obtained. The
results are as follows:

Table 13. Coefficient result data table

0.00 1.00 2.00 3.00 4.00 5.00 6.00 7.00 9.00
1 3.55E-11 | -498E-12 | -1.33 E-11 | -146 E-11 | -2.49E-11 | 493 E-13 | -7.31 E-12 | -535E-11 | -1.51 E-12
2 -8.51 E-11 | 2.26 E-11 7.09 E-11 5.10 E-11 8.96 E-11 1.92 E-11 3.36 E-11 1.04 E-10 8.69 E-11
3 0.00 0.00 0.00 0.00 -0.03 -5.37 E-5 0.00 0.00 -0.04
4 648 E-11 | -9.39 E-11 | -1.69 E-10 | -1.69 E-10 | -3.06 E-11 | -8.58 E-11 | -1.03 E-10 | -1.54 E-10 | -3.54 E-11
5 0.019 0.028 0.016 0.016 0.02 0.01 0.02 0.02 0.06
6 -2.66 E-11 4.10 E-11 3.59E-11 4.49 E-11 7.52 E-11 1.01 E-11 220 E-11 1.03 E-10 3.45E-11
constant -3.33 -4.33 -3.47 -3.03 -4.41 -2.53 -2.78 -4.75 -11.2
Fo=3.55Fx —8.51£x, + 6,486 x, + 0.019x, — 2. 66 ''x, — 3. 33
£ o= —4.98F%x +2.26E " x, — 9.39F " x, + 0.028x, + 4. 10£ " x, — 14.33
F, = -1.5172x + 8.695 "%, — 0.04x, — 3.545 "z, + 0.06x, + 3. 456 " x_

We bring the various indicators of the word EERIE predicted
by the previous second question into the solution, and get the
largest F6, indicating that its difficulty is above the medium level.
This is through the classification method of discriminant function
to quantify the qualitative difficulty, and the effect is very good.
Model validation : manually label the data set, and sum the
percentage of 1-4 attempts after normalization. If it is greater
than 0.6, it is difficult to label, and less than 0.6 is simple. The
clustering category results and manually labeled categories are
calculated with an accuracy of 0.73.

7. Summarize Findings

Feature selection is a key part of data mining applications
in the field of data analysis diversity. Most feature selection
methods analyze the characteristics of classification, which is
not enough to classify by feature selection technology. The
traditional class involves classification, and the feature data is
redundant, which is not conducive to further analysis of the
database. The influence of using existing classes on feature
analysis is negligible. Therefore, it proposes to obtain a new

class or subclass by analyzing the small data of the feature,
that is, the sub feature (SF) data of the corresponding instance
in the traditional class. These data involve generating a
limited number of important instances of new classes. Finding
such instances with sub-features from any database is a
challenging task. Therefore, this paper proposes an
optimization model based on Lagrange multiplier to find such
data and analyze new categories from traditional categories.
Several algorithms have been used to interpret the sub-feature
data. Theoretical methods such as domain-based and
variance-based sub-features and sub-feature convergence are
used to select sub-features with the effectiveness of the
proposed model. In addition, several classifiers with search
methods and statistical methods (i.e., local and global
variance) are analyzed and classified by sub-feature data.
Experimental results on different datasets show that the
proposed model is beneficial to new classes based on the
selected sub-feature data. The IEEE uses theoretical methods
such as domain-based and variance-based sub-features and
the convergence of sub-features to select sub-features that
have the effectiveness of the proposed model. In addition,
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several classifiers with search methods and statistical
methods are analyzed and classified by sub-feature data.
Experimental results on different datasets show that the
proposed model is beneficial to new classes based on the
selected sub-feature data.

8. Conclusion

In the initial phase of our mathematical modeling report,
the team tackles the Wordle game challenge, presenting a
holistic Prediction and Analysis (P&A) model. This model
encompasses data pre-processing, grey relational analysis,
and forecasting to predict results, analyze environmental
effects, and classify solution words by difficulty. The team
emphasizes assumptions, independence of player samples,
and data credibility. Intelligent analysis techniques, including
correlation coefficient diagrams and grey correlation degree
analysis, unveil relationships in the dataset, culminating in the
development of a weighted moving averages-based
forecasting model for March 1.

Part 2 will delve into assumptions, notations, definitions,
and further details on data pre-processing, grey relational
analysis, and the forecasting model, contributing to a
comprehensive understanding of Wordle dynamics. The
second part introduces the Backpropagation (BP) neural
network, implemented in MATLAB, addressing the problem
as a complex function mapping issue. The report details
training steps, parameter definitions, and feature extraction
considerations, showcasing BP network prediction results and
introducing the "Stickiness level" feature. Exploring various
combinations of feature extraction and churn duration, the
report tests machine learning algorithms, concluding with
problem three's systematic clustering model using XGBoost
and SVM.

Conclusively, the report demonstrates a thorough
mathematical modeling approach involving feature extraction,
machine learning, clustering, and systematic classification.
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The discriminant function quantifies the difficulty of the word
"EERIE," proposing an optimization model based on
Lagrange multipliers for enhanced sub-feature data
understanding. Experimental results validate the model's
effectiveness in classifying new categories, emphasizing the
holistic approach to neural networks, clustering, and
classification techniques.
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