Artificial Neural Network to Predict the Edibility of Mushrooms
Griffin Salyer

Objective

Hobbyists, mushroom enthusiasts, and even chefs around the world work for years before understanding which
mushrooms are from which species and class — and what attributes can best identify a mushroom. One common issue
among those individuals who also eat the good mushrooms, is having enough experience to understand and identify
which mushrooms, that can be found in a common forest, are edible! In this project, | seek to find an answer quickly and
easily with a simple neural network structure — and identify those attributes that are most important in determining
poisonous versus edible mushrooms.

The Primary objective for this project is to use a simple feedforward ANN classifier to predict whether a given
mushroom, based on its physical features, is poisonous or edible. A secondary objective is to detail which features
provide the most explanatory power in determining whether a mushroom is poisonous or edible — as this would provide
some tremendous value in understanding what evidence would suggest poisonous mushrooms in the wild. In addition,
while selecting the features that are most important, the number of features needed to provide an accurate model
result may be decreased, and therefore, the model complexity can be decreased. Finally, a tertiary objective is to create
a streamlined architecture that can generalize to other similar — but different — data and models.
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The final model consists of 3 layers, 1 input, 1 hidden, 1 output with 8 nodes, 8 nodes, and 2 output nodes
respectively. The input and hidden layer activation is ReLu, while the output layer is multiclass activation softmax. The
loss is categorical crossentropy, and the metric is accuracy. The optimizer is adam. Something to note is that this model
did not actually need a hidden layer to achieve 100% accuracy, however for consistency and best practice, | decided to
include a hidden layer as it did not make the model all that much more complicated and, for this dataset, the execution
time was negligible.



Train | Test | Validate
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The model was trained over 30 epochs on a train test split with 66% train, 33% test split. There were 30 epochs,
and a batch size of 50. This model performed well, and its output was excellent.
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The results were excellent with a reasonably parsimonious model, and an accuracy that crossed between 99% and 100%.
The final loss was .022 at 30 epochs — which is great. The time required was only 19 seconds.



Supplemental Models

Feature Selection

A feature selection supplemental model can be beneficial as a first step in the full model architecture because of
the context it provides the modeler in terms of data and its facets. In this case, this supplemental model was somewhat
difficult to implement because of the difficulty in categorical data. Specifically, the feature selection model essentially
became a variable importance model, this model used a statistical test to map the importance of each feature and
provided a somewhat different answer from the variable importance model outlined below. Overall, this model was
somewhat ambiguous because it did not properly define the optimal number of features explicitly. Another approach to
this may have been to use the one-hot encoded feature structure, but this would come as a loss of some interpretability.
| wanted to keep the classes of features intact, rather than discarding some of the features in a class because of their
relative unimportance — where unbalanced features would certainly be discarded immediately.

Additionally, any way to reduce the complexity of the model without significant changes in accuracy or loss can
be particularly impactful in model performance for all problems. Discarding some features would allow the NN to focus
on only those mappings that are most important, and therefore, deliver a more succinct conclusion and classification.
We always want more parsimonious models, especially when we dive into datasets that have exponentially more
instances than this dataset.
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Variable Importance

A variable importance model was beneficial in the architecture of this project because its relevance in
understanding the problem scope and why the neural network may classify in one way or another. By uncovering the
importance of the features, insight can also be derived about the individual nature of some feature and its relationship
with edibility in mushrooms. Below is where the variable importance model is implemented. The ten highest ranking
variables were selected, and the results were essentially identical. The benefit comes from making the model much
simpler, as we can see from the number of parameters that come from the same network structure as the other models.
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Experimental Plan and Process

Overview

return model
The experimental process for this architecture was relatively straightforward. No grid search or hyperparameter
optimization was needed at the scale of these variables, so there was no tuning in this many employed. Most of the
experimental process came from playing around with the number of layers, and ultimately feature selection. The most
important experimental process was implementing a baseline model that showed immediately how well the model
already trained — it did not require much additional tuning. It is important to note, however, that tuning was only
unnecessary in this case because the scale of the data is relatively small. If the dataset had millions of datapoints, the
process would be much more thorough and would consider tuning every parameter available.

Train | Test | Validate

The model is nearly identical to the final model, however in order to really test all the data, a kfold CV was used.
This ensures that | catch everything when experimenting with the data and the model. 5 folds were used, and the model
performed well.

Results

The results were 100% accuracy overall between training and validation. This is excellent, and bar any code that
causes issues, this means the model is mapping extremely well and classifying perfectly. Even with 5 fold the model runs
quickly in a minute and 30 seconds.

Data

The data consists of 8124 instances across 232 rows of the physical features of mushroom — detailed thoroughly
below. The response variable is one column consisting of ‘p’ or ‘e’ — whether a mushroom is poisonous or edible. All the
samples of mushrooms are hypothetical, but mirror real attributes and mushrooms that can be found in the wild. There
are several preprocessing steps required in order for the data to be understood by the neural network, and some steps
to be taken to better understand what the data is saying itself. Finally, the data processing steps were optimized in a
function to be fed a file and some basic parameters for easy procedure.



Preprocessing Data

All of the data required some restructuring and adjustment that, although not difficult, increases the complexity
of the model structure nearly 5-fold. The first step that was required was to label encode the response variable. This
label encoded response variable was then split into two columns with one-hot encoding. This step is especially
important because not only does this change the output shape from a single output to two outputs, but it requires a
multiclass classification procedure instead of a simple binary classification. | decided this was the best option because it
allows for more mappings to occur given our data and allows the NN to home in more quickly and succinctly on the
correct associations between a mushroom given its features and edibility.

The features also required a label encode and one-hot encode to be fed into the network properly. At the end of
this processing the features consisted of 116 columns encoded with 1 or 0 within the category code it was given. Again,
this provides the network with more mappings to consider, and better accuracy overall than if each feature had one
column and categorical or binary codes — the model could learn the associations in a proliferated manner rather than a
truncated feature indication process.

mushroom =

Preprocessing for Final Model

The processing for the final model was the same as described above but then applied into a train/test split
function in the sk-learn package pipeline — this allowed for the final model to use succinct validation steps instead of a
full CV method or KFold method (which was utilized with the experimental model).




Preprocessing for Supplemental Modeling

The supplemental models, like feature selection and importance, required that the data be in a different shape
than the neural network. As such pandas was used to shape the data into categorical data as a part of a pandas
dataframe. The first step taken was to change the columns into the type ‘category’ and then apply a category encoder
through pandas. This was a little easier than using Keras or sk-learn imports because there were 23 rows, and it could be
done in essentially one step rather than a few. Then the categorical data was split into a response dataframe and a
feature dataframe that consisted of columns with numbers 1 — 5(depending on column category counts, which differed).
This maintained the structure of 22 feature columns and one response column that was easily fed into feature selection
and variable importance models.

#create a preprocessing fi ion for use in the feature selection models - uses only specified rows
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train, yfsd test = train_test_split(x fsd,y, tes .32, random_state = 1)
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Metrics

The metrics used to evaluate all NN models are Categorical Crossentropy as the loss and Accuracy. These will
provide the models with appropriate improvement generation, and accuracy reporting to determine the efficacy of each
model in both the experimental process and the final process.

Validation Method

The validation method for the experimental process and model will be Kfold Cross-Validation and Cross
Validation score measurement. This ensures that the experimental model hops through all the appropriate hoops —
including the extra kfold hoop. Although KFold or CV is unnecessary in this model, it is good practice and included for
high quality experimental reporting.

The Validation method for the final model is a simple Train/Test(validation) split with a split 66% Train and 33%
Test as recommended in standard practice procedure guidelines (Keras, sk-learn).

Results and Conclusions

Overall, the models all performed well from the start. This dataset was easy to work with after preprocessing and its size
was such that we would not have to worry about underfitting, but could still process all the datapoints immediately
without cross validation. The models achieved between 99% and 100% accuracy in correctly classifying whether a given
set of features for a mushroom would predict edibility. Suffice to say, these models were straightforward to implement,
and maintain parsimony throughout the process.

Discussion of Methods

Selection of optimum number of units

The optimum number of units was mostly ambiguous insofar as some constraints were met. Those constraints
were that the model layer and node size did not facilitate overfitting, and that the model unit size facilitated a rapid
minimization of loss and maximization of accuracy. My method was simple because this network did not need any
complex layers or unit selection optimization. As long as a reasonable number of parameters were trained, and the
parameters did not exceed the instances of data, then this model was well off. Additionally, because the model
approached a 100% accuracy so quickly, there was generally no real need for an optimization in this parameter.



Type of network

The network is a straightforward feedforward network with simple parameters and relatively small layer sizes.
The scope of this project was easily sustained with this type of ANN and did not require a recurrent, convolutional, or
backpropagated network. The dataset is fairly simple, and the model required was fairly simple.

Type of training

The training of this network was also very straightforward and did not necessarily need any optimization
procedures like grid-search or cross validation. Although | did use Kfold and CV, it was unnecessary other than a
precaution for possible unbalanced data. For the final model the training was done using a train/validation method and
a final prediction after training.

Proportion of train test split

As mentioned previously, the train test split was 66% to 33% respectively. | justify this in that it is standard
procedure and good practice with a reasonable proportion of the data being trained with, and a validation of that
training with a reasonable set of the data proportionately.

Number of input/output

The number of inputs became 116 after encoding the features. This provided ample room for the network to
appropriately map and process. The final output was a multiclass output with 2 columns — one column indicating if the
mushroom was edible, the other indicating if the mushroom was poisonous.

Number/size of layers

As previously stated, the number and size of layers was kept simple and consistent, as the model did not need a
complex set of layers or nodes. | am justified in this decision by the consistency in the model’s accuracy of 99 — 100%.

Number of epochs

The number of epochs finally settled on about 30 for caution. The model trained by about 8 epochs, however,
and did not require any beyond that, but for the sake of completeness and best practice, the model ended up with 30
epochs. This minimized the loss incredibly and provided a consistent 100% accuracy every time.

Activations/optimization function choice

The activation was another mostly ambiguous choice, as a part of standard procedure. The activation function
used for the input and hidden layers was Relu, while the output layer was a multiclass function softmax. These choices
came from best practices and because of the model performance, did not need to be optimized. The optimization
function was also a best practice optimizer — adam — and it performs well without the requirement for adjustments.

Size of dataset

The size of the dataset was 8124 instances or datapoints — which provides ample data to not produce concern
for over or underfitting in the modeling process.

Learning rate

There was no need for a learning rate optimization in this modeling procedure. Again, this is justified by the
inherently good accuracy and loss minimization by a generally baseline model.

Momentum

Momentum was also not a consideration with this model for simplicity sake and because it was not required.



Improvements and Future Work
More Data/ Real Data

One way to improve this project would be to use real data rather than hypothetical (but accurate) data. This
would allow for an interesting application in a real-world environment that may help real people. In addition to this real
data — data at scale would be an interesting problem to tackle, especially as the scope of the model for this problem is
rather simple. How do apply this model structure to several million datapoints, and how then can we optimize the
parameters for run times and parsimonious solutions?

Convolutional Data

Something that | would love to tackle is a Convolutional Neural Network for not only identifying types and
classes/species of mushrooms, but then also whether they are edible, but just from images. This would be a fascinating
process to implement, especially since its not run of the mill animal or vehicles. This could also develop into a real
application in the field for hikers, enthusiasts and chefs alike, as this model might be able to be made into a phone app
and used out in the real world — Just take a picture of the mushroom to see if you can cook it with your camping meal!

Supplemental Model Additions

In making a more thorough project architecture, it is evident that having supplemental information about the
models and data can increase the value and insight provided by the project. | think that adding in models that compute
feature selection and importance differently the than the current implementations in this project may be interesting and
serve as a comparative guideline for the right features to select. Additionally, proliferating different types of machine
learning models that may increase the confidence in the Neural Network model may be pertinent to providing a more
concise and complete project reporting structure.

Comparative Analysis

A comparative analysis between additional machine learning models added to the architecture could be
insightful and interesting. Testing how other models perform, and why they perform that way, may be an interesting
research topic as well, and provide valuable content to a complete project. If | had the time and capacity, | would model
logistic regressions, tree methods, and other subset selection methods with this data.

EDA

An interesting provisional step in detailing the data and its facets would have been to include Exploratory Data
Analysis in the form of visualizing the data and diving into its intricacies. This step of any architecture can add
tremendous value, and aid in developing a rigorously and valuably structured analysis. A thorough analysis should
always include some EDA and provide an audience with a thorough explanation of what the data is and how the data
looks.

Implementing Class Object Architectures

A final improvement to this project architecture would be creating class object to perform a series of functions,
like compiling all the different models. The benefits of this architecture are that everything becomes defined as a
function, and all the inputs are initialized up front, and therefore become changeable with relative ease. This
architecture allows for more of a pipeline and self-organizes so that the code is easy to read, and easy to implement.
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