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Abstract

SlickML is an open-source machine learning (ML) library written in Python aiming
at accelerating the experimentation time for an ML application by integrating pop-
ular state-of-the-art ML algorithms. Data scientists’ tasks such as feature selection,
model tuning, or evaluating metrics for classification, regression, clustering, and
time-series problems can often be repetitive. SlickML provides data scientist with a
toolbox of utility functions to quickly prototype solutions for a given problem with
minimal code. Additionally, an exhaustive set of diagnostic visualization tools are
available to quickly address the common issues with an ML application. The main
goal of SlickML is to provide the users with reliable solutions that could be used
for production environments regarding the most common problems in the industry
while tackling controversial problems such as imbalanced learning, feature selec-
tion, threshold finding, and etc by adding new functionalities based on the novel
publications in the research community. The source code, and documentation can
be downloaded fromhttps://github.com/slickml/slick-ml and the library
can be easily installed via PyPI at https://pypi.org/project/slickml/|

1 Introduction

Emerging as one of the most recent machine learning state-of-the-art frameworks, automated machine
learning (AutoML) libraries have been a point of interest for reducing the demand for data scientists
and enabling domain experts to automatically build ML applications without much requirement for
statistical and ML knowledge [1]]. To name a few, we can mention packages such as PyCaret [2] and
TPOT [3] which offer numerous automated pipelines for different ML applications. However, you
cannot always rely on AutoML pipelines to solve real-world applications. Sometimes it is required to
dig into a specific part of the pipeline to ensure that the solution is ready for deployment in production.
Therefore, there is a need of some libraries to expedite this process with minimal code. Moreover,
most of the data scientists’ tasks are repetitive. As an example we can use one of the well-known
applications of ML in healthcare which is the risk of readmission for patients within N days after
getting discharged. In practice, to build a ML model (mostly regularized linear models) to predict
the risk of readmission, we normally create as many historical lagged features as possible, hoping
that during the feature selection process, the salient features are being selected to infer the risk of
readmission for the new patient in future. Therefore, the process of feature engineering, feature
selection, model training, model calibration, and etc are repetitive that can be automated. Additionally,
having multiple test and diagnostic visualization tools would indicate how reliable the pipeline will
be in production. In principle, there is a gap for the current need of industrial ML applications; this
gap would be filled with a fusion of AutoML pipelines along with reliability tests. SlickML aims
at fill in the gap by offering reliable solutions and accelerating the experimentation time for an ML
application.
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2 Project Vision

The project’s goal is to provide reliable implementations of the favorite ML algorithms for
the most essential tasks in any ML projects in industry. Code quality is ensured by imple-
menting unit tests and using static code linters such as flake§ and black in addition to pro-
viding exhaustive docstring for each class along with using consistent naming conventions for
classes, functions, and parameters based on Python coding guidelines and scikit-learn library.
The project is being developed using collaborative tools such as git, github, and public mailing
lists following our contributing instructions (https://github.com/slickml/slick-ml/blob/
master/CONTRIBUTING.md) under MIT license (https://github.com/slickml/slick-ml/
blob/master/LICENSE) and our code of conduct (https://github.com/slickml/slick-ml/
blob/master/CODE_OF_CONDUCT.md). SlickML provides a quick-start documentation, class ref-
erences, installation instructions, as well as detailed examples developed in jupyter notebooks
(https://github.com/slickml/slick-ml/tree/master/examples) of all of the underlying
classes. The source code, and documentation can be downloaded from https://github.com/
slickml/slick-ml and the library can be easily installed via PyPI at https://pypi.org/
project/slickml/.

3 Underlying Technologies

Similar to scikit-learn package, the base data structures used for data model are Pandas dataframes
and Numpy arrays. Additionally, the compressed sparse row (CSR) matrix representation is developed
for all of the models to boost the run-time speed and optimize memory. xgboost and glmnet are used
for the main classification and regression models, in which they are compatible with shap, which is
used for explainability. Bayesian optimization and Tree of Parzen Estimators are the main algorithms
for hyper-parameters tuning functionality. Lastly, the visualizations are based on matplotlib and
seaborn.

4 Current & Future Developments

In this section, the main developed/planned functionalities of the library are presented. More details
onhttps://github.com/slickml/slick-ml/issues/62.

4.1 Current Developments

1. Classification: The main classifiers are xgboost and gimnet. Both of them have internal cross-
validation functionality to find the best number of boosting round and penalty parameters.

2. Regression: Similar to classification, the main regressors are including xgboost and glmnet.
Both of the developed classifiers have internal cross-validation functionality to find the best
number of boosting round and penalty parameters.

3. Optimization: Two main algorithms for hyper-parameters tuning are Bayesian optimization
[4]] and Tree of Parzen Estimators (TPE) [5]].

4. Feature Selection: The main feature selection algorithm is based on the highest frequency of
the features that are survived through target permutation and added structured noisy features
at each iteration of n-folds cross-validations. The algorithm is developed for both xgboost
and glmnet as base estimators.

5. Metrics: A set of complete metrics for binary classification developed along with diagnostic
plots to find the best threshold based on three methodologies, including Youden’s J index
[6], maximizing sensitivity-specificity, and maximizing precision-recall. Similarly, a set of
complete metrics is available for regression problems. The metrics functionality is invariant
of the models’ objects and they use the predicted and ground truth arrays as the inputs that
can be used as a post-processing step in any ML project.

6. Plotting: The plotting functionality is embedded within every single class through the library.
In better words, for every single instance that is initiated, the user can directly call the
plotting module and there is no need to load any other classes or functions. In this case, the
user can enjoy the diagnostic visualizations for all of the steps in a ML model including
training/validation/testing without worrying about caching the data.
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4.2 Future Developments

1. Classification/Regression: In addition to the current developed models, it is planned to add a
probabilistic based prediction model such as ngboost [7]].

2. Optimization: optuna [8] has recently shown great success in multiple industrial use-cases
as it is planned to be added to SlickML library.

3. Plotting: It is planned to follow the same embedding architecture for plotting modules
similar to the developed modules as we progress on the planned functionalities.

4. Calibration: It is planned to add prediction calibration instead of model calibration to the
library. Available packages such as scikit-learn limit their calibration to the developed
models based on their API while there will be numerous models that are not compatible
with said API. Therefore, similar to the developed metrics functionality, a prediction-
based calibration feature is planned to be added which would be invariant of the model’s
APIL In addition to the common parametric methods including Platt’s scaling (logistic
regression) or non-parametric methods like isotonic regression, it is planned to add two
more implementations: histogram binning and Platt’s scaling binning. Histogram binning
is a stricter version of isotonic regression while Platt’s scaling binning is a blend of Platt’s
scaling and histogram binning. The big motivation is to introduce a lower calibration error.

5. Imbalanced Learning: Imbalanced learning has presented itself to be an essential part in many
critical real-world applications. Thus, this is one of the major planned features to be added.
There are plenty of novel research in this field including minority oversampling technique
(SMOTE), adaptive synthetic (ADASYN), EasyEnsemble, BalanceCascade, SMOTEBoost,
RAMOBoost, DataBoost-IM, one-side selection (OSS), Tomek links, neighborhood cleaning
rule (NCL), active learning, one-class learning and etc [9]]. The imbalanced-learn [10] library
has recently shown great success in incorporating some of the abovementioned algorithms.
However, the API is being setup as an experimental step which demands more effort for the
user to grasp the under-the-hood algorithm along with estimators. Our goal is to minimize
this effort as much as possible and incorporate the abovementioned algorithms within the
developed estimators; so, the user can easily see the performance of the model with or
without the embedded imbalanced learning strategy.

6. Time Series: Time series problems can be one of the most challenging types of ML problems.
It is planned to add an exhaustive set of solutions including auto-regressive models along
with the most recent solutions such as prophet [[11]] and zsfresh [12] to the library.

7. Genetic Programming: It is planned to add an evolutionary classifier and an evolutionary
regressor using multi-objective genetic programming (MOGP) algorithm. The MOGP
algorithm has shown great success in solving real-world problems [13} [14]].

8. Survival Analysis: Inference on the risk of customer attrition or the risk of cancer recurrence
in a patient who underwent chemotherapy can be always challenging. Recent development
of multiple survival packages in Python such as lifelines and scikit-survival or embedded
solutions using accelerated failure time (AFT) algorithm and xgboost such as xgbse are the
reasons that we have added survival analysis functionality on the roadmap.

9. Documentation: Currently, preparation of the the documentation is in progress and the
website (https://www.slickml.com/is under construction.

5 Conclusions

The project’s goal is to provide reliable implementations of the favorite ML algorithms for the most
essential tasks in some of the ML projects in industry. Therefore, the users would be able to quickly
prototype solutions for a given problem with minimum lines of code. Additionally, the users have
access to an exhaustive set of diagnostic visualization tools to address the common issues with an
ML application.
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Checklist

1. For all authors...
(a) Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope? [Yes]

(b) Did you describe the limitations of your work? [Yes] For more details please take a
look at the section 4l

(c) Did you discuss any potential negative societal impacts of your work? [N/A]

(d) Have you read the ethics review guidelines and ensured that your paper conforms to
them? [Yes]

2. If you are including theoretical results...
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(a) Did you state the full set of assumptions of all theoretical results? [N/A]
(b) Did you include complete proofs of all theoretical results? [IN/A |

3. If you ran experiments...

(a) Did you include the code, data, and instructions needed to reproduce the main exper-
imental results (either in the supplemental material or as a URL)? [Yes] For more
details please take a look athttps://github.com/slickml/slick-ml,

(b) Did you specify all the training details (e.g., data splits, hyperparameters, how they
were chosen)? [Yes] For more details please take a look at https://github.com/
slickml/slick-mll

(c) Did you report error bars (e.g., with respect to the random seed after running ex-
periments multiple times)? [Yes] For more details please take a look at https:
//github.com/slickml/slick-ml.

(d) Did you include the total amount of compute and the type of resources used (e.g., type
of GPUs, internal cluster, or cloud provider)? [N/A]

4. If you are using existing assets (e.g., code, data, models) or curating/releasing new assets...

(a) If your work uses existing assets, did you cite the creators? [Yes]

(b) Did you mention the license of the assets? [Yes] For more details please take a look at
section

(c) Did you include any new assets either in the supplemental material or as a URL? [Yes]

(d) Did you discuss whether and how consent was obtained from people whose data you’re
using/curating? [N/A]

(e) Did you discuss whether the data you are using/curating contains personally identifiable
information or offensive content? [N/A |

5. If you used crowdsourcing or conducted research with human subjects...

(a) Did you include the full text of instructions given to participants and screenshots, if
applicable? [N/A]

(b) Did you describe any potential participant risks, with links to Institutional Review
Board (IRB) approvals, if applicable? [N/A ]|

(c) Did you include the estimated hourly wage paid to participants and the total amount
spent on participant compensation? [N/A |

A Appendix

In this section, some of the SlickML code snippets along with the resulted visualizations are presented
as supplementary materials. More details on https://github.com/slickml/slick-ml/tree/
master/examples,

# run feature selection using loaded data

from slickml. feautre_selection import XGBoostFeatureSelector
xfs = XGBoostFeatureSelector ()

xfs. fit (X, y)

# plot cross—validation results
xfs.plot_cv_results ()

# plot feature frequncy after feature selection
xfs.plot_frequency ()

Listing 1: Feature Selection

# apply BayesianOpt to tune parameters of classifier using loaded train/
test data

from slickml.optimization import XGBoostClassifierBayesianOpt

xbo = XGBoostClassifierBayesianOpt ()

xbo. fit (X _train, y_train)

# best parameters
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7 best_params = xbo.get_best_params ()
¢ best_params

10 { colsample_bytree’: 0.8213916662259918,
11 ‘gamma’: 1.0,

2 ’learning_rate’: 0.23148232373451072,
13 'max_depth’: 4,

4 "min_child_weight’: 5.632602921054691,
15 ’'reg_alpha’: 1.0,

16 'reg_lambda’: 0.39468801734425263,

17 “subsample’: 1.0}

Listing 2: Hyper-Parameter Tuning

I # train a classifier using loaded train/test data and best params
> from slickml. classification import XGBoostCVClassifier

3 clf = XGBoostCVClassifier (params=best_params )

4 clf.fit (X_train, y_train)

s y_pred_proba = clf.predict_proba(X_test)

# plot cross—validation results
g clf.plot_cv_results ()

10 # plot features importance

11 clf.plot_feature_importance ()

I

13 # plot SHAP summary violin plot

14 clf.plot_shap_summary (plot_type="violin")
1
16 # plot SHAP summary layered violin plot

17 clf .plot_shap_summary (plot_type="layered_violin",
layered_violin_max_num_bins=5)

19 # plot SHAP waterfall plot
20 clf.plot_shap_waterfall ()

Listing 3: Model Training with XGBoost

I # train a classifier using loaded train/test data and your choice of
params

> from slickml.classification import GLMNetCVClassifier

3 clf = GLMNetCVClassifier(alpha=0.3, n_splits=4, metric="roc_auc")

4 clf.fit (X _train, y_train)

5 y_pred_proba = clf.predict_proba(X_test)

7 # plot cross—validation results
g clf.plot_cv_results ()

10 # plot coefficients paths
11 clf.plot_coeff_path ()

Listing 4: Model Training with GLMNet

# plot binary metrics

from slickml.metrics import BinaryClassificationMetrics
clf_metrics = BinaryClassificationMetrics(y_test, y_pred_proba)
clf_metrics.plot ()

B w0 =

Listing 5: Binary Classification Metrics
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Figure 1: The performance of the feature selection algorithm at each iteration with internal/external
4-folds cross-validation.
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Figure 2: The internal and external cross-validation results (here AUC) for the feature selection
process.
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Figure 4: The performance of hyper-parameter tuning using Bayesian optimization.
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Average = Weighted

Threshold = 0.830 |
Average = Weighted

Threshold = 0.680 |
Average = Weighted

0.761000 |0.763000 0.827000 | 0.945000 | 0.935000 |0.759000 (0.941000 |0.838000 |0.789000 | 0.894000 (0.721000 | 145 (33 |10 |46

0.833000 |0.718000 0.827000 | 0.945000 | 0.896000 |0.901000)0.941000 |0.898000 |0.900000 |0.897000 |0.815000|172 |23 |20 (19

0.744000 | 0.780000 0.827000 | 0.945000 | 0.851000 |0.744000)0.941000 |0.771000 |0.746000|0.813000 |0.630000 138 |36 |7 (93

0.761000 |0.763000 0.827000 | 0.945000 | 0.840000 |0.761000)0.941000 |0.784000 |0.765000 | 0.814000 | 0.656000 | 145 |33 |10 (46

0.833000 |0.718000 0.827000 | 0.945000 | 0.832000 |0.833000)|0.941000 |0.833000 |0.833000 | 0.832000 |0.763000|172 |23 |20 (19

Threshold = 0.850 |

0.744000 | 0.780000 0.827000 | 0.945000 | 0.678000 |0.780000|0.941000 |0.683000 |0.724000 | 0.673000 |0.536000 |138 |36 |7 (53
Average = Macro

Threshold = 0.830 |
Average = Macro

Threshold = 0.680 |
Average = Macro

Threshold = 0.850 |
Average = Micro
Threshold = 0.830 |
Average = Micro

Threshold = 0.680 |
Average =

0.761000 |0.763000 0.827000 | 0.945000 | 0.677000 |0.763000 (0.941000 |0.690000 |0.723000 | 0.677000 (0.546000 | 145 (33 |10 |46

0.833000 |0.718000 0.827000 | 0.945000 | 0.722000 |0.718000)0.941000 |0.720000 |0.718000|0.721000 |0.593000|172 |23 |20 (19

0.744000 | 0.780000 0.827000 | 0.945000 | 0.744000 |0.744000)0.941000 |0.744000 |0.744000|0.744000 |0.697000|138 |36 |7 (93

0.761000 |0.763000 0.827000 | 0.945000 | 0.761000 |0.761000)0.941000 |0.761000 |0.761000|0.761000 |0.721000 |145 |33 |10 (46

0.833000 |0.718000 0.827000 | 0.945000 | 0.833000 |0.833000)0.941000 |0.833000 |0.833000 | 0.833000 |0.815000|172 |23 |20 (19

Figure 9: The complete set of metrics based on the test set.
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