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Introduction

* Animal Crossing: New Horizons
e Released March ‘20, Nintendo Switch
e 22m units sold in less than 6 months
* Critics 90% 4«.3, users 55%

* Analyze User Reviews
* Interpret text
e Supervised learning

* Binary classification — good or bad
* Understand critic / user discrepancy?

This work is based on Julia Silge’s blog post, juliasilge.com/blog/animal-

crossing/, and other references provided on slide #14.
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https://juliasilge.com/blog/animal-crossing/

Data, Interpretation

2,999 observations, 4 features; Scraped from MetaCritic

* Grade (int) — score, [0, 10]
* Text (str) — written review text

e User Name — unused
e Date — unused

## Rows: 2,999
## Columns: 4

## $ grade <dbl> 4, 5, 0, 0, O, 0, O, 0, O, O, 1, O, O, O, O, O, O, O...
## $ user name <chr> "mds27272", "lolo2178", "Roachant", "Houndf", "Profe...
## $ text <chr> "My gf started playing before me. No option to creat...

## $ date <date> 2020-03-20, 2020-03-20, 2020-03-20, 2020-03-20, 202...
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“they only allow one island per console...”

D d ta , E X p ‘ Ord t | on “one island per switch is insane...”

“one island per console. greedy and unfair...”
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Data, Prep

e 75/25 Train, Test Split

rating count percent source

e Stratified by response (rating) bad 1369 60.84 train

* Light initial cleanup good 881 39.16 train
_ _ bad 456 60.88 test

* Tokenization process good 293 39.12 test

e 1 text str > 500 TFIDF values

review_rec <- recipe(rating ~ text, data = review_train) J>J
step_tokenize (text) %>V
step_stopwords(text) %>/
step_tokenfilter(text, max_tokens = 500) %>/
step_tfidf (text) %>%
step_normalize(all_predictors())
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Model Building

The tidyverse way...

* Four Different Classifiers, Increasing Capacity
* Null Model (baseline)
* Uses majority class for all predictions
* Naive Bayes, SVM, Logistic Regression
 Commonly used for text — sparse, high-dimensionality data

 For Each Model:

* Define workflow = recipe + specification

Fit training data with 10-fold cross-validation, grid of tuning parameters
Choose optimal parameters based on CV metrics

Fit all training data with resulting model and validate against test data
Assess results

7tidymodels
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svm_spec: < -svm_rbf(rbf_sigma-=-tune()) %>%
set _mode( )« %>%
set_engine( )

svm_wf - < -workflow() - %>%
add_recipe(review _rec) - -%>%
add_model(svm_spec)

svm_grid- < -grid_regular(rbf_sigma(), -levels

set.seed(2020)
svm_grid: ¢« -tune_grid(
svm_wf,
resamples - =-review_folds,
grid-=-svm_grid,
metrics-=-metric_set(accuracy, -sensitivity, -specificity),
control-=-control_resamples(save_pred-=-TRUE)




Results, Null and Naive Bayes

Null Model

* Train Accuracy 60.8%

* Test Accuracy 60.9%

* =~ Equal due to stratification
* Both equal to % bad

e Test Confusion Matrix:

Truth
Prediction bad good
bad 456 293
good O 0

Naive Bayes

* Train Accuracy 74.0%

* Test Accuracy 74.1%

* No hyperparameter tuning
* No evidence of overfitting

e Test Confusion Matrix:

Truth
Prediction bad good
bad 418 156
good 38 137




Results, Support Vector Machine (RBF)

accuracy sens spec

* Train Accuracy 86.7% 1 00-
* Test Accuracy 87.4% ! \,

0.75-
* 10 levels of o (complexity)
c
®
o 0.50
* Assessed acc, sens, spec :
* Test Confusion Matrix: 025-
Truth OOO- 1 1 1 1 1 1 1 1 1
. . 1e-08 1e-05 1e-02 1e-08 1e-05 1e-02 1e-08 1e-05 1e-02
Prediction bad good rbf_sigma
bad 409 47 rbf_sigma .metric .estimator mean n std_err .config
<dbl> <chr> <chr> <dbl> <int> <dbl> <chr>
good 47 246 11 accuracy binary 0.867 10 0.00650 Preprocessori_Modell0
2 0.0774 accuracy binary 0.606 10 0.0136  Preprocessorl_Model0O9
3 0.00599 accuracy binary 0.393 10 0.000786 Preprocessorl_Model0O8
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Results, Logistic Regression (Lasso)

* Train Accuracy 88.4%

* Test Accuracy 87.9%

e 10 levels of penalty (L1)
* Assessed acc, roc_auc

* Test Confusion Matrix:

Truth
Prediction bad good
bad 417 52
good 39 241
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penalty

penalty .metric .estimator mean
<dbl> <chr> <chr> <dbl> <int> <dbl> <chr>

n std_err .config

1 0.00599 accuracy binary 0.884 10 0.00534 Preprocessorl_ModelO8
2 0.000464 accuracy binary 0.839 10 0.00800 Preprocessorl_ModelO7
3 0.0000359 accuracy binary 0.804 10 0.00931 Preprocessorl_Model0O6
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Results, Summary

Receiver Operator Characteristics (ROC) by Fold
Logistic Regression Model

Model TrnAcc |[TstAcc
1 Null 60.80| 60.90
2 NB 74.00| 74.10
3 SVM 86.71| 87.40 0.5
4 LR 88.36| 87.90

1.00 -

sensitivity
o
S

* Logistic Regression, by a hair
e “Hair” can have big impact

0.25 -
* Good generalization overall
. L -~ Best ROCAUC = 0.94
* No evidence of overfitting 0.001.*"
* Concerns about SVM results e . L aE

1 - specificity
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Conclusion

* Only scratched the surface of Natural Language Processing
* First papers appeared in 2004, over 7,000 since
e Valuable, many applications

* tidyverse / tidymodels provide welcome structure to the process

* Future work — many possible improvements, e.g.:

* Multi-class (e.g. good, ok, bad)
Improve input data, eliminate scraping errors
Experiment with different stop word lists, tokenizing approaches (n-grams)
Use clustering and/or association rules to improve understanding of trends
Try neural net / deep neural net models, known to be effective



Bonus, Variable Importance
Credit: Julia Silge

NEG POS
greedy - NG great- NG
worse - [N giving - N
bought - IS easily - [INNENEGN
money - IIIIINEGEGEE rate - (NN
greed - HIIIEIEGEGE wish - [N
boring - N best- I

anything - [N small - N
copies - 1IN series - [N
one - [N charming -
second - N animal - NG
entire - NG good - N
unable - 1IN beautiful - [ IIEIzIN
idea- [N 9- NN
company - [ N daily - [N
decided - [N past- [N
fixed - N wonderful - | N
allowed - [N don’'t- [N
started - [N fantastic - [N
ruined - [N 10 -

gets - _ . . playing - I- . .

0 10 20 0 10 20

Importance
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