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About CausalML

CausalML is a Python package that provides a suite of uplift modeling and causal inference methods using machine learning algorithms based on recent research.
It provides a standard interface that allows user to estimate the Conditional Average Treatment Effect (CATE), also known as Individual Treatment Effect (ITE), from experimental or observational data.
Essentially, it estimates the causal impact of intervention W on outcome Y for users with observed features X, without strong assumptions on the model form.


GitHub Repo

https://github.com/uber/causalml



Mission

From the CausalML Charter [https://github.com/uber/causalml/blob/master/CHARTER.md]:


CausalML is committed to democratizing causal machine learning through accessible, innovative, and well-documented open-source tools that empower data scientists, researchers, and organizations. At our core, we embrace inclusivity and foster a vibrant community where members exchange ideas, share knowledge, and collaboratively shape a future where CausalML drives advancements across diverse domains.






Contributing

Contributing.md [https://github.com/uber/causalml/blob/master/CONTRIBUTING.md]



Governance


	Charter [https://github.com/uber/causalml/blob/master/CHARTER.md]


	Contributors [https://github.com/uber/causalml/graphs/contributors]


	Maintainers [https://github.com/uber/causalml/blob/master/MAINTAINERS.md]







Intro to Causal Machine Learning


What is Causal Machine Learning?

Causal machine learning is a branch of machine learning that focuses on understanding the cause and effect relationships in data. It goes beyond just predicting outcomes based on patterns in the data, and tries to understand how changing one variable can affect an outcome.
Suppose we are trying to predict a student’s test score based on how many hours they study and how much sleep they get. Traditional machine learning models would find patterns in the data, like students who study more or sleep more tend to get higher scores.
But what if you want to know what would happen if a student studied an extra hour each day? Or slept an extra hour each night? Modeling these potential outcomes or counterfactuals is where causal machine learning comes in. It tries to understand cause-and-effect relationships - how much changing one variable (like study hours or sleep hours) will affect the outcome (the test score).
This is useful in many fields, including economics, healthcare, and policy making, where understanding the impact of interventions is crucial.
While traditional machine learning is great for prediction, causal machine learning helps us understand the difference in outcomes due to interventions.



Difference from Traditional Machine Learning

Traditional machine learning and causal machine learning are both powerful tools, but they serve different purposes and answer different types of questions.
Traditional Machine Learning is primarily concerned with prediction. Given a set of input features, it learns a function from the data that can predict an outcome. It’s great at finding patterns and correlations in large datasets, but it doesn’t tell us about the cause-and-effect relationships between variables. It answers questions like “Given a patient’s symptoms, what disease are they likely to have?”
On the other hand, Causal Machine Learning is concerned with understanding the cause-and-effect relationships between variables. It goes beyond prediction and tries to answer questions about intervention: “What will happen if we change this variable?” For example, in a medical context, it could help answer questions like “What will happen if a patient takes this medication?”
In essence, while traditional machine learning can tell us “what is”, causal machine learning can help us understand “what if”. This makes causal machine learning particularly useful in fields where we need to make decisions based on data, such as policy making, economics, and healthcare.



Measuring Causal Effects

Randomized Control Trials (RCT) are the gold standard for causal effect measurements.  Subjects are randomly exposed to a treatment and the Average Treatment Effect (ATE) is measured as the difference between the mean effects in the treatment and control groups.  Random assignment removes the effect of any confounders on the treatment.

If an RCT is available and the treatment effects are heterogeneous across covariates, measuring the conditional average treatment effect(CATE) can be of interest.  The CATE is an estimate of the treatment effect conditioned on all available experiment covariates and confounders.  We call these Heterogeneous Treatment Effects (HTEs).



Example Use Cases


	Campaign Targeting Optimization: An important lever to increase ROI in an advertising campaign is to target the ad to the set of customers who will have a favorable response in a given KPI such as engagement or sales. CATE identifies these customers by estimating the effect of the KPI from ad exposure at the individual level from A/B experiment or historical observational data.


	Personalized Engagement: A company might have multiple options to interact with its customers such as different product choices in up-sell or different messaging channels for communications. One can use CATE to estimate the heterogeneous treatment effect for each customer and treatment option combination for an optimal personalized engagement experience.








            

          

      

      

    

  

    
      
          
            
  
Installation

Installation with conda is recommended.

conda environment files for Python 3.7, 3.8 and 3.9 are available in the repository. To use models under the inference.tf module (e.g. DragonNet), additional dependency of tensorflow is required. For detailed instructions, see below.


Install using conda


Install conda

wget https://repo.anaconda.com/miniconda/Miniconda3-latest-Linux-x86_64.sh
bash Miniconda3-latest-Linux-x86_64.sh -b
source miniconda3/bin/activate
conda init
source ~/.bashrc







Install from conda-forge

Directly install from the conda-forge channel using conda.

conda install -c conda-forge causalml







Install from the conda virtual environment

This will create a new conda virtual environment named causalml-[tf-]py3x, where x is in [7, 8, 9]. e.g. causalml-py37 or causalml-tf-py38. If you want to change the name of the environment, update the relevant YAML file in envs/.

git clone https://github.com/uber/causalml.git
cd causalml/envs/
conda env create -f environment-py38.yml    # for the virtual environment with Python 3.8 and CausalML
conda activate causalml-py38







Install causalml with tensorflow

git clone https://github.com/uber/causalml.git
cd causalml/envs/
conda env create -f environment-tf-py38.yml # for the virtual environment with Python 3.8 and CausalML
conda activate causalml-tf-py38
pip install -U numpy                        # this step is necessary to fix [#338](https://github.com/uber/causalml/issues/338)








Install from PyPI

pip install causalml






Install causalml with tensorflow from PyPI

pip install causalml[tf]
pip install -U numpy                            # this step is necessary to fix [#338](https://github.com/uber/causalml/issues/338)








Install from source

Create a clean conda environment.

conda create -n causalml-py38 -y python=3.8
conda activate causalml-py38
conda install -c conda-forge cxx-compiler
conda install python-graphviz
conda install -c conda-forge xorg-libxrender





Then:

git clone https://github.com/uber/causalml.git
cd causalml
pip install .
python setup.py build_ext --inplace





with tensorflow:

pip install .[tf]









Windows

See content in https://github.com/uber/causalml/issues/678



Running Tests

Make sure pytest is installed before attempting to run tests.

Run all tests with:

pytest -vs tests/ --cov causalml/





Add --runtf to run optional tensorflow tests which will be skipped by default.

You can also run tests via make:

make test









            

          

      

      

    

  

    
      
          
            
  
API Quickstart

Working example notebooks are available in the example folder [https://github.com/uber/causalml/tree/master/docs/examples].


Propensity Score


Propensity Score Estimation

from causalml.propensity import ElasticNetPropensityModel

pm = ElasticNetPropensityModel(n_fold=5, random_state=42)
ps = pm.fit_predict(X, y)







Propensity Score Matching

from causalml.match import NearestNeighborMatch, create_table_one

psm = NearestNeighborMatch(replace=False,
                           ratio=1,
                           random_state=42)
matched = psm.match_by_group(data=df,
                             treatment_col=treatment_col,
                             score_cols=score_cols,
                             groupby_col=groupby_col)

create_table_one(data=matched,
                 treatment_col=treatment_col,
                 features=covariates)








Average Treatment Effect (ATE) Estimation


Meta-learners and Uplift Trees

In addition to the Methodology section, you can find examples in the links below for Meta-Learner Algorithms and Tree-Based Algorithms


	Meta-learners (S/T/X/R): meta_learners_with_synthetic_data.ipynb [https://github.com/uber/causalml/blob/master/examples/meta_learners_with_synthetic_data.ipynb]


	Meta-learners (S/T/X/R) with multiple treatment: meta_learners_with_synthetic_data_multiple_treatment.ipynb [https://github.com/uber/causalml/blob/master/examples/meta_learners_with_synthetic_data_multiple_treatment.ipynb]


	Comparing meta-learners across simulation setups: benchmark_simulation_studies.ipynb [https://github.com/uber/causalml/blob/master/examples/benchmark_simulation_studies.ipynb]


	Doubly Robust (DR) learner: dr_learner_with_synthetic_data.ipynb [https://github.com/uber/causalml/blob/master/examples/dr_learner_with_synthetic_data.ipynb]


	TMLE learner: validation_with_tmle.ipynb [https://github.com/uber/causalml/blob/master/examples/validation_with_tmle.ipynb]


	Uplift Trees: uplift_trees_with_synthetic_data.ipynb [https://github.com/uber/causalml/blob/master/examples/uplift_trees_with_synthetic_data.ipynb]




from causalml.inference.meta import LRSRegressor
from causalml.inference.meta import XGBTRegressor, MLPTRegressor
from causalml.inference.meta import BaseXRegressor
from causalml.inference.meta import BaseRRegressor
from xgboost import XGBRegressor
from causalml.dataset import synthetic_data

y, X, treatment, _, _, e = synthetic_data(mode=1, n=1000, p=5, sigma=1.0)

lr = LRSRegressor()
te, lb, ub = lr.estimate_ate(X, treatment, y)
print('Average Treatment Effect (Linear Regression): {:.2f} ({:.2f}, {:.2f})'.format(te[0], lb[0], ub[0]))

xg = XGBTRegressor(random_state=42)
te, lb, ub = xg.estimate_ate(X, treatment, y)
print('Average Treatment Effect (XGBoost): {:.2f} ({:.2f}, {:.2f})'.format(te[0], lb[0], ub[0]))

nn = MLPTRegressor(hidden_layer_sizes=(10, 10),
                 learning_rate_init=.1,
                 early_stopping=True,
                 random_state=42)
te, lb, ub = nn.estimate_ate(X, treatment, y)
print('Average Treatment Effect (Neural Network (MLP)): {:.2f} ({:.2f}, {:.2f})'.format(te[0], lb[0], ub[0]))

xl = BaseXRegressor(learner=XGBRegressor(random_state=42))
te, lb, ub = xl.estimate_ate(X, treatment, y, e)
print('Average Treatment Effect (BaseXRegressor using XGBoost): {:.2f} ({:.2f}, {:.2f})'.format(te[0], lb[0], ub[0]))

rl = BaseRRegressor(learner=XGBRegressor(random_state=42))
te, lb, ub =  rl.estimate_ate(X=X, p=e, treatment=treatment, y=y)
print('Average Treatment Effect (BaseRRegressor using XGBoost): {:.2f} ({:.2f}, {:.2f})'.format(te[0], lb[0], ub[0]))








More algorithms


Treatment optimization algorithms

We have developed Counterfactual Unit Selection and Counterfactual Value Estimator methods, please find the code snippet below and details in the following notebooks:


	counterfactual_unit_selection.ipynb [https://github.com/uber/causalml/blob/master/examples/counterfactual_unit_selection.ipynb]


	counterfactual_value_optimization.ipynb [https://github.com/uber/causalml/blob/master/examples/counterfactual_value_optimization.ipynb]




from causalml.optimize import CounterfactualValueEstimator
from causalml.optimize import get_treatment_costs, get_actual_value

# load data set and train test split
df_train, df_test = train_test_split(df)
train_idx = df_train.index
test_idx = df_test.index
# some more code here to initiate and train the Model, and produce tm_pred
# please refer to the counterfactual_value_optimization notebook for complete example

# run the counterfactual calculation with TwoModel prediction
cve = CounterfactualValueEstimator(treatment=df_test['treatment_group_key'],
                                   control_name='control',
                                   treatment_names=conditions[1:],
                                   y_proba=y_proba,
                                   cate=tm_pred,
                                   value=conversion_value_array[test_idx],
                                   conversion_cost=cc_array[test_idx],
                                   impression_cost=ic_array[test_idx])

cve_best_idx = cve.predict_best()
cve_best = [conditions[idx] for idx in cve_best_idx]
actual_is_cve_best = df.loc[test_idx, 'treatment_group_key'] == cve_best
cve_value = actual_value.loc[test_idx][actual_is_cve_best].mean()

labels = [
    'Random allocation',
    'Best treatment',
    'T-Learner',
    'CounterfactualValueEstimator'
]
values  = [
    random_allocation_value,
    best_ate_value,
    tm_value,
    cve_value
]
# plot the result
plt.bar(labels, values)





[image: _images/counterfactual_value_optimization.png]


Instrumental variables algorithms


	2-Stage Least Squares (2SLS): iv_nlsym_synthetic_data.ipynb [https://github.com/uber/causalml/blob/master/examples/iv_nlsym_synthetic_data.ipynb]






Neural network based algorithms


	CEVAE: cevae_example.ipynb [https://github.com/uber/causalml/blob/master/examples/cevae_example.ipynb]


	DragonNet: dragonnet_example.ipynb [https://github.com/uber/causalml/blob/master/examples/dragonnet_example.ipynb]







Interpretation

Please see Interpretable Causal ML section



Validation

Please see Validation section



Synthetic Data Generation Process


Single Simulation

from causalml.dataset import *

# Generate synthetic data for single simulation
y, X, treatment, tau, b, e = synthetic_data(mode=1)
y, X, treatment, tau, b, e = simulate_nuisance_and_easy_treatment()

# Generate predictions for single simulation
single_sim_preds = get_synthetic_preds(simulate_nuisance_and_easy_treatment, n=1000)

# Generate multiple scatter plots to compare learner performance for a single simulation
scatter_plot_single_sim(single_sim_preds)

# Visualize distribution of learner predictions for a single simulation
distr_plot_single_sim(single_sim_preds, kind='kde')





[image: _images/synthetic_dgp_scatter_plot.png]


Multiple Simulations

from causalml.dataset import *

# Generalize performance summary over k simulations
num_simulations = 12
preds_summary = get_synthetic_summary(simulate_nuisance_and_easy_treatment, n=1000, k=num_simulations)

# Generate scatter plot of performance summary
scatter_plot_summary(preds_summary, k=num_simulations)

# Generate bar plot of performance summary
bar_plot_summary(preds_summary, k=num_simulations)





[image: _images/synthetic_dgp_scatter_plot_multiple.png]
[image: _images/synthetic_dgp_bar_plot_multiple.png]



Sensitivity Analysis

For more details, please refer to the sensitivity_example_with_synthetic_data.ipynb notebook [https://github.com/uber/causalml/blob/master/examples/sensitivity_example_with_synthetic_data.ipynb].

from causalml.metrics.sensitivity import Sensitivity
from causalml.metrics.sensitivity import SensitivitySelectionBias
from causalml.inference.meta import BaseXLearner
from sklearn.linear_model import LinearRegression

# Calling the Base XLearner class and return the sensitivity analysis summary report
learner_x = BaseXLearner(LinearRegression())
sens_x = Sensitivity(df=df, inference_features=INFERENCE_FEATURES, p_col='pihat',
                     treatment_col=TREATMENT_COL, outcome_col=OUTCOME_COL, learner=learner_x)
# Here for Selection Bias method will use default one-sided confounding function and alpha (quantile range of outcome values) input
sens_sumary_x = sens_x.sensitivity_analysis(methods=['Placebo Treatment',
                                                     'Random Cause',
                                                     'Subset Data',
                                                     'Random Replace',
                                                     'Selection Bias'], sample_size=0.5)

# Selection Bias: Alignment confounding Function
sens_x_bias_alignment = SensitivitySelectionBias(df, INFERENCE_FEATURES, p_col='pihat', treatment_col=TREATMENT_COL,
                                             outcome_col=OUTCOME_COL, learner=learner_x, confound='alignment',
                                             alpha_range=None)
# Plot the results by rsquare with partial r-square results by each individual features
sens_x_bias_alignment.plot(lls_x_bias_alignment, partial_rsqs_x_bias_alignment, type='r.squared', partial_rsqs=True)





[image: _images/sensitivity_selection_bias_r2.png]


Feature Selection

For more details, please refer to the feature_selection.ipynb notebook [https://github.com/uber/causalml/blob/master/examples/feature_selection.ipynb] and the associated paper reference by Zhao, Zhenyu, et al.

from causalml.feature_selection.filters import FilterSelect
from causalml.dataset import make_uplift_classification

# define parameters for simulation
y_name = 'conversion'
treatment_group_keys = ['control', 'treatment1']
n = 100000
n_classification_features = 50
n_classification_informative = 10
n_classification_repeated = 0
n_uplift_increase_dict = {'treatment1': 8}
n_uplift_decrease_dict = {'treatment1': 4}
delta_uplift_increase_dict = {'treatment1': 0.1}
delta_uplift_decrease_dict = {'treatment1': -0.1}

# make a synthetic uplift data set
random_seed = 20200808
df, X_names = make_uplift_classification(
    treatment_name=treatment_group_keys,
    y_name=y_name,
    n_samples=n,
    n_classification_features=n_classification_features,
    n_classification_informative=n_classification_informative,
    n_classification_repeated=n_classification_repeated,
    n_uplift_increase_dict=n_uplift_increase_dict,
    n_uplift_decrease_dict=n_uplift_decrease_dict,
    delta_uplift_increase_dict = delta_uplift_increase_dict,
    delta_uplift_decrease_dict = delta_uplift_decrease_dict,
    random_seed=random_seed
)

# Feature selection with Filter method
filter_f = FilterSelect()
method = 'F'
f_imp = filter_f.get_importance(df, X_names, y_name, method,
                      treatment_group = 'treatment1')
print(f_imp)

# Use likelihood ratio test method
method = 'LR'
lr_imp = filter_f.get_importance(df, X_names, y_name, method,
                      treatment_group = 'treatment1')
print(lr_imp)

# Use KL divergence method
method = 'KL'
kl_imp = filter_f.get_importance(df, X_names, y_name, method,
                      treatment_group = 'treatment1',
                      n_bins=10)
print(kl_imp)









            

          

      

      

    

  

    
      
          
            
  
Examples

Working example notebooks are available in the example folder [https://github.com/uber/causalml/tree/master/docs/examples].

Follow the below links for an approximate ordering of example tutorials from introductory to advanced features.



	Meta-Learners Examples - Training, Estimation, Validation, Visualization

	Uplift Trees Example with Synthetic Data

	Meta-Learners Examples - Single/Multiple Treatment Cases

	Uplift Trees/Forests Visualization

	Model Interpretation with Feature Importance and SHAP Values

	Uplift Curves with TMLE Example

	DragonNet vs Meta-Learners Benchmark with IHDP + Synthetic Datasets

	2SLS Benchmarks with NLSYM + Synthetic Datasets

	Sensitivity Analysis Examples

	Unit Selection Based on Counterfactual Logic by Li and Pearl (2019)

	Counterfactual Value Estimation Using Outcome Imputation by Li and Pearl (2019)

	Feature Selection for Uplift Trees by Zhao et al. (2020)

	Policy Learner by Athey and Wager (2018) with Binary Treatment

	CEVAE vs. Meta-Learners Benchmark with IHDP + Synthetic Datasets

	DR Learner vs. DR-IV Learner vs. X-Learner Benchmark with Synthetic Data

	Meta-Learner Benchmarks with Synthetic Data in Nie and Wager (2020)

	Causal Trees/Forests Treatment Effects Estimation and Tree Visualization

	Causal Trees/Forests Interpretation with Feature Importance and SHAP Values

	Logistic Regression Based Data Generation Function for Uplift Classification Problem

	Qini curves with multiple costly treatment arms








            

          

      

      

    

  

    
      
          
            
  
Meta-Learners Examples - Training, Estimation, Validation, Visualization


Introduction

In this notebook, we will generate some synthetic data to demonstrate how to use the various Meta-Learner algorithms in order to estimate Individual Treatment Effects and Average Treatment Effects with confidence intervals.


[1]:





%load_ext autoreload
%autoreload 2








[2]:





from causalml.inference.meta import LRSRegressor













/Users/jeong/miniconda3/envs/causalml/lib/python3.8/site-packages/shap/utils/_clustering.py:35: NumbaDeprecationWarning: The 'nopython' keyword argument was not supplied to the 'numba.jit' decorator. The implicit default value for this argument is currently False, but it will be changed to True in Numba 0.59.0. See https://numba.readthedocs.io/en/stable/reference/deprecation.html#deprecation-of-object-mode-fall-back-behaviour-when-using-jit for details.
  def _pt_shuffle_rec(i, indexes, index_mask, partition_tree, M, pos):
/Users/jeong/miniconda3/envs/causalml/lib/python3.8/site-packages/shap/utils/_clustering.py:54: NumbaDeprecationWarning: The 'nopython' keyword argument was not supplied to the 'numba.jit' decorator. The implicit default value for this argument is currently False, but it will be changed to True in Numba 0.59.0. See https://numba.readthedocs.io/en/stable/reference/deprecation.html#deprecation-of-object-mode-fall-back-behaviour-when-using-jit for details.
  def delta_minimization_order(all_masks, max_swap_size=100, num_passes=2):
/Users/jeong/miniconda3/envs/causalml/lib/python3.8/site-packages/shap/utils/_clustering.py:63: NumbaDeprecationWarning: The 'nopython' keyword argument was not supplied to the 'numba.jit' decorator. The implicit default value for this argument is currently False, but it will be changed to True in Numba 0.59.0. See https://numba.readthedocs.io/en/stable/reference/deprecation.html#deprecation-of-object-mode-fall-back-behaviour-when-using-jit for details.
  def _reverse_window(order, start, length):
/Users/jeong/miniconda3/envs/causalml/lib/python3.8/site-packages/shap/utils/_clustering.py:69: NumbaDeprecationWarning: The 'nopython' keyword argument was not supplied to the 'numba.jit' decorator. The implicit default value for this argument is currently False, but it will be changed to True in Numba 0.59.0. See https://numba.readthedocs.io/en/stable/reference/deprecation.html#deprecation-of-object-mode-fall-back-behaviour-when-using-jit for details.
  def _reverse_window_score_gain(masks, order, start, length):
/Users/jeong/miniconda3/envs/causalml/lib/python3.8/site-packages/shap/utils/_clustering.py:77: NumbaDeprecationWarning: The 'nopython' keyword argument was not supplied to the 'numba.jit' decorator. The implicit default value for this argument is currently False, but it will be changed to True in Numba 0.59.0. See https://numba.readthedocs.io/en/stable/reference/deprecation.html#deprecation-of-object-mode-fall-back-behaviour-when-using-jit for details.
  def _mask_delta_score(m1, m2):
/Users/jeong/miniconda3/envs/causalml/lib/python3.8/site-packages/shap/links.py:5: NumbaDeprecationWarning: The 'nopython' keyword argument was not supplied to the 'numba.jit' decorator. The implicit default value for this argument is currently False, but it will be changed to True in Numba 0.59.0. See https://numba.readthedocs.io/en/stable/reference/deprecation.html#deprecation-of-object-mode-fall-back-behaviour-when-using-jit for details.
  def identity(x):
/Users/jeong/miniconda3/envs/causalml/lib/python3.8/site-packages/shap/links.py:10: NumbaDeprecationWarning: The 'nopython' keyword argument was not supplied to the 'numba.jit' decorator. The implicit default value for this argument is currently False, but it will be changed to True in Numba 0.59.0. See https://numba.readthedocs.io/en/stable/reference/deprecation.html#deprecation-of-object-mode-fall-back-behaviour-when-using-jit for details.
  def _identity_inverse(x):
/Users/jeong/miniconda3/envs/causalml/lib/python3.8/site-packages/shap/links.py:15: NumbaDeprecationWarning: The 'nopython' keyword argument was not supplied to the 'numba.jit' decorator. The implicit default value for this argument is currently False, but it will be changed to True in Numba 0.59.0. See https://numba.readthedocs.io/en/stable/reference/deprecation.html#deprecation-of-object-mode-fall-back-behaviour-when-using-jit for details.
  def logit(x):
/Users/jeong/miniconda3/envs/causalml/lib/python3.8/site-packages/shap/links.py:20: NumbaDeprecationWarning: The 'nopython' keyword argument was not supplied to the 'numba.jit' decorator. The implicit default value for this argument is currently False, but it will be changed to True in Numba 0.59.0. See https://numba.readthedocs.io/en/stable/reference/deprecation.html#deprecation-of-object-mode-fall-back-behaviour-when-using-jit for details.
  def _logit_inverse(x):
/Users/jeong/miniconda3/envs/causalml/lib/python3.8/site-packages/shap/utils/_masked_model.py:363: NumbaDeprecationWarning: The 'nopython' keyword argument was not supplied to the 'numba.jit' decorator. The implicit default value for this argument is currently False, but it will be changed to True in Numba 0.59.0. See https://numba.readthedocs.io/en/stable/reference/deprecation.html#deprecation-of-object-mode-fall-back-behaviour-when-using-jit for details.
  def _build_fixed_single_output(averaged_outs, last_outs, outputs, batch_positions, varying_rows, num_varying_rows, link, linearizing_weights):
/Users/jeong/miniconda3/envs/causalml/lib/python3.8/site-packages/shap/utils/_masked_model.py:385: NumbaDeprecationWarning: The 'nopython' keyword argument was not supplied to the 'numba.jit' decorator. The implicit default value for this argument is currently False, but it will be changed to True in Numba 0.59.0. See https://numba.readthedocs.io/en/stable/reference/deprecation.html#deprecation-of-object-mode-fall-back-behaviour-when-using-jit for details.
  def _build_fixed_multi_output(averaged_outs, last_outs, outputs, batch_positions, varying_rows, num_varying_rows, link, linearizing_weights):
/Users/jeong/miniconda3/envs/causalml/lib/python3.8/site-packages/shap/utils/_masked_model.py:428: NumbaDeprecationWarning: The 'nopython' keyword argument was not supplied to the 'numba.jit' decorator. The implicit default value for this argument is currently False, but it will be changed to True in Numba 0.59.0. See https://numba.readthedocs.io/en/stable/reference/deprecation.html#deprecation-of-object-mode-fall-back-behaviour-when-using-jit for details.
  def _init_masks(cluster_matrix, M, indices_row_pos, indptr):
/Users/jeong/miniconda3/envs/causalml/lib/python3.8/site-packages/shap/utils/_masked_model.py:439: NumbaDeprecationWarning: The 'nopython' keyword argument was not supplied to the 'numba.jit' decorator. The implicit default value for this argument is currently False, but it will be changed to True in Numba 0.59.0. See https://numba.readthedocs.io/en/stable/reference/deprecation.html#deprecation-of-object-mode-fall-back-behaviour-when-using-jit for details.
  def _rec_fill_masks(cluster_matrix, indices_row_pos, indptr, indices, M, ind):
/Users/jeong/miniconda3/envs/causalml/lib/python3.8/site-packages/shap/maskers/_tabular.py:186: NumbaDeprecationWarning: The 'nopython' keyword argument was not supplied to the 'numba.jit' decorator. The implicit default value for this argument is currently False, but it will be changed to True in Numba 0.59.0. See https://numba.readthedocs.io/en/stable/reference/deprecation.html#deprecation-of-object-mode-fall-back-behaviour-when-using-jit for details.
  def _single_delta_mask(dind, masked_inputs, last_mask, data, x, noop_code):
/Users/jeong/miniconda3/envs/causalml/lib/python3.8/site-packages/shap/maskers/_tabular.py:197: NumbaDeprecationWarning: The 'nopython' keyword argument was not supplied to the 'numba.jit' decorator. The implicit default value for this argument is currently False, but it will be changed to True in Numba 0.59.0. See https://numba.readthedocs.io/en/stable/reference/deprecation.html#deprecation-of-object-mode-fall-back-behaviour-when-using-jit for details.
  def _delta_masking(masks, x, curr_delta_inds, varying_rows_out,
/Users/jeong/miniconda3/envs/causalml/lib/python3.8/site-packages/tqdm/auto.py:22: TqdmWarning: IProgress not found. Please update jupyter and ipywidgets. See https://ipywidgets.readthedocs.io/en/stable/user_install.html
  from .autonotebook import tqdm as notebook_tqdm
/Users/jeong/miniconda3/envs/causalml/lib/python3.8/site-packages/shap/maskers/_image.py:175: NumbaDeprecationWarning: The 'nopython' keyword argument was not supplied to the 'numba.jit' decorator. The implicit default value for this argument is currently False, but it will be changed to True in Numba 0.59.0. See https://numba.readthedocs.io/en/stable/reference/deprecation.html#deprecation-of-object-mode-fall-back-behaviour-when-using-jit for details.
  def _jit_build_partition_tree(xmin, xmax, ymin, ymax, zmin, zmax, total_ywidth, total_zwidth, M, clustering, q):
/Users/jeong/miniconda3/envs/causalml/lib/python3.8/site-packages/shap/explainers/_partition.py:676: NumbaDeprecationWarning: The 'nopython' keyword argument was not supplied to the 'numba.jit' decorator. The implicit default value for this argument is currently False, but it will be changed to True in Numba 0.59.0. See https://numba.readthedocs.io/en/stable/reference/deprecation.html#deprecation-of-object-mode-fall-back-behaviour-when-using-jit for details.
  def lower_credit(i, value, M, values, clustering):
The 'nopython' keyword argument was not supplied to the 'numba.jit' decorator. The implicit default value for this argument is currently False, but it will be changed to True in Numba 0.59.0. See https://numba.readthedocs.io/en/stable/reference/deprecation.html#deprecation-of-object-mode-fall-back-behaviour-when-using-jit for details.
The 'nopython' keyword argument was not supplied to the 'numba.jit' decorator. The implicit default value for this argument is currently False, but it will be changed to True in Numba 0.59.0. See https://numba.readthedocs.io/en/stable/reference/deprecation.html#deprecation-of-object-mode-fall-back-behaviour-when-using-jit for details.
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import pandas as pd
import numpy as np
from matplotlib import pyplot as plt
from sklearn.linear_model import LinearRegression
from sklearn.model_selection import train_test_split
import statsmodels.api as sm
from xgboost import XGBRegressor
import warnings

from causalml.inference.meta import LRSRegressor
from causalml.inference.meta import XGBTRegressor, MLPTRegressor
from causalml.inference.meta import BaseXRegressor, BaseRRegressor, BaseSRegressor, BaseTRegressor
from causalml.match import NearestNeighborMatch, MatchOptimizer, create_table_one
from causalml.propensity import ElasticNetPropensityModel
from causalml.dataset import *
from causalml.metrics import *

warnings.filterwarnings('ignore')
plt.style.use('fivethirtyeight')

%matplotlib inline













Failed to import duecredit due to No module named 'duecredit'
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import importlib
print(importlib.metadata.version('causalml') )













0.15.1.dev0








Part A: Example Workflow using Synthetic Data


Generate synthetic data


	We have implemented 4 modes of generating synthetic data (specified by input parameter mode). Refer to the References section for more detail on these data generation processes.
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# Generate synthetic data using mode 1
y, X, treatment, tau, b, e = synthetic_data(mode=1, n=10000, p=8, sigma=1.0)









Calculate Average Treatment Effect (ATE)

A meta-learner can be instantiated by calling a base learner class and providing an sklearn/xgboost regressor class as input. Alternatively, we have provided some ready-to-use learners that have already inherited their respective base learner class capabilities. This is more abstracted and allows these tools to be quickly and readily usable.
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# Ready-to-use S-Learner using LinearRegression
learner_s = LRSRegressor()
ate_s = learner_s.estimate_ate(X=X, treatment=treatment, y=y)
print(ate_s)
print('ATE estimate: {:.03f}'.format(ate_s[0][0]))
print('ATE lower bound: {:.03f}'.format(ate_s[1][0]))
print('ATE upper bound: {:.03f}'.format(ate_s[2][0]))

# After calling estimate_ate, add pretrain=True flag to skip training
# This flag is applicable for other meta learner
ate_s = learner_s.estimate_ate(X=X, treatment=treatment, y=y, pretrain=True)
print(ate_s)
print('ATE estimate: {:.03f}'.format(ate_s[0][0]))
print('ATE lower bound: {:.03f}'.format(ate_s[1][0]))
print('ATE upper bound: {:.03f}'.format(ate_s[2][0]))













(array([0.72721128]), array([0.67972656]), array([0.77469599]))
ATE estimate: 0.727
ATE lower bound: 0.680
ATE upper bound: 0.775
(array([0.72721128]), array([0.67972656]), array([0.77469599]))
ATE estimate: 0.727
ATE lower bound: 0.680
ATE upper bound: 0.775
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# Ready-to-use T-Learner using XGB
learner_t = XGBTRegressor()
ate_t = learner_t.estimate_ate(X=X, treatment=treatment, y=y)
print('Using the ready-to-use XGBTRegressor class')
print(ate_t)

# Calling the Base Learner class and feeding in XGB
learner_t = BaseTRegressor(learner=XGBRegressor())
ate_t = learner_t.estimate_ate(X=X, treatment=treatment, y=y)
print('\nUsing the BaseTRegressor class and using XGB (same result):')
print(ate_t)

# Calling the Base Learner class and feeding in LinearRegression
learner_t = BaseTRegressor(learner=LinearRegression())
ate_t = learner_t.estimate_ate(X=X, treatment=treatment, y=y)
print('\nUsing the BaseTRegressor class and using Linear Regression (different result):')
print(ate_t)













Using the ready-to-use XGBTRegressor class
(array([0.55539207]), array([0.53185148]), array([0.57893267]))

Using the BaseTRegressor class and using XGB (same result):
(array([0.55539207]), array([0.53185148]), array([0.57893267]))

Using the BaseTRegressor class and using Linear Regression (different result):
(array([0.71740976]), array([0.67655445]), array([0.75826507]))
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# X Learner with propensity score input
# Calling the Base Learner class and feeding in XGB
learner_x = BaseXRegressor(learner=XGBRegressor())
ate_x = learner_x.estimate_ate(X=X, treatment=treatment, y=y, p=e)
print('Using the BaseXRegressor class and using XGB:')
print(ate_x)

# Calling the Base Learner class and feeding in LinearRegression
learner_x = BaseXRegressor(learner=LinearRegression())
ate_x = learner_x.estimate_ate(X=X, treatment=treatment, y=y, p=e)
print('\nUsing the BaseXRegressor class and using Linear Regression:')
print(ate_x)













Using the BaseXRegressor class and using XGB:
(array([0.52239345]), array([0.50279387]), array([0.54199302]))

Using the BaseXRegressor class and using Linear Regression:
(array([0.71740976]), array([0.67655445]), array([0.75826507]))
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# X Learner without propensity score input
# Calling the Base Learner class and feeding in XGB
learner_x = BaseXRegressor(XGBRegressor())
ate_x = learner_x.estimate_ate(X=X, treatment=treatment, y=y)
print('Using the BaseXRegressor class and using XGB without propensity score input:')
print(ate_x)

# Calling the Base Learner class and feeding in LinearRegression
learner_x = BaseXRegressor(learner=LinearRegression())
ate_x = learner_x.estimate_ate(X=X, treatment=treatment, y=y)
print('\nUsing the BaseXRegressor class and using Linear Regression without propensity score input:')
print(ate_x)













Using the BaseXRegressor class and using XGB without propensity score input:
(array([0.52348025]), array([0.50385245]), array([0.54310804]))

Using the BaseXRegressor class and using Linear Regression without propensity score input:
(array([0.71740976]), array([0.67655445]), array([0.75826507]))
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# R Learner with propensity score input
# Calling the Base Learner class and feeding in XGB
learner_r = BaseRRegressor(learner=XGBRegressor())
ate_r = learner_r.estimate_ate(X=X, treatment=treatment, y=y, p=e)
print('Using the BaseRRegressor class and using XGB:')
print(ate_r)

# Calling the Base Learner class and feeding in LinearRegression
learner_r = BaseRRegressor(learner=LinearRegression())
ate_r = learner_r.estimate_ate(X=X, treatment=treatment, y=y, p=e)
print('Using the BaseRRegressor class and using Linear Regression:')
print(ate_r)













Using the BaseRRegressor class and using XGB:
(array([0.51551318]), array([0.5150305]), array([0.51599587]))
Using the BaseRRegressor class and using Linear Regression:
(array([0.51503495]), array([0.51461987]), array([0.51545004]))
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# R Learner with propensity score input and random sample weight
# Calling the Base Learner class and feeding in XGB
learner_r = BaseRRegressor(learner=XGBRegressor())
sample_weight = np.random.randint(1, 3, len(y))
ate_r = learner_r.estimate_ate(X=X, treatment=treatment, y=y, p=e, sample_weight=sample_weight)
print('Using the BaseRRegressor class and using XGB:')
print(ate_r)













Using the BaseRRegressor class and using XGB:
(array([0.48910448]), array([0.48861819]), array([0.48959077]))
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# R Learner without propensity score input
# Calling the Base Learner class and feeding in XGB
learner_r = BaseRRegressor(learner=XGBRegressor())
ate_r = learner_r.estimate_ate(X=X, treatment=treatment, y=y)
print('Using the BaseRRegressor class and using XGB without propensity score input:')
print(ate_r)

# Calling the Base Learner class and feeding in LinearRegression
learner_r = BaseRRegressor(learner=LinearRegression())
ate_r = learner_r.estimate_ate(X=X, treatment=treatment, y=y)
print('Using the BaseRRegressor class and using Linear Regression without propensity score input:')
print(ate_r)













Using the BaseRRegressor class and using XGB without propensity score input:
(array([0.45400543]), array([0.45352042]), array([0.45449043]))
Using the BaseRRegressor class and using Linear Regression without propensity score input:
(array([0.59802659]), array([0.59761147]), array([0.5984417]))








7. Calculate Individual Treatment Effect (ITE/CATE)

CATE stands for Conditional Average Treatment Effect.
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# S Learner
learner_s = LRSRegressor()
cate_s = learner_s.fit_predict(X=X, treatment=treatment, y=y)

# T Learner
learner_t = BaseTRegressor(learner=XGBRegressor())
cate_t = learner_t.fit_predict(X=X, treatment=treatment, y=y)

# X Learner with propensity score input
learner_x = BaseXRegressor(learner=XGBRegressor())
cate_x = learner_x.fit_predict(X=X, treatment=treatment, y=y, p=e)

# X Learner without propensity score input
learner_x_no_p = BaseXRegressor(learner=XGBRegressor())
cate_x_no_p = learner_x_no_p.fit_predict(X=X, treatment=treatment, y=y)

# R Learner with propensity score input
learner_r = BaseRRegressor(learner=XGBRegressor())
cate_r = learner_r.fit_predict(X=X, treatment=treatment, y=y, p=e)

# R Learner without propensity score input
learner_r_no_p = BaseRRegressor(learner=XGBRegressor())
cate_r_no_p = learner_r_no_p.fit_predict(X=X, treatment=treatment, y=y)
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alpha=0.2
bins=30
plt.figure(figsize=(12,8))
plt.hist(cate_t, alpha=alpha, bins=bins, label='T Learner')
plt.hist(cate_x, alpha=alpha, bins=bins, label='X Learner')
plt.hist(cate_x_no_p, alpha=alpha, bins=bins, label='X Learner (no propensity score)')
plt.hist(cate_r, alpha=alpha, bins=bins, label='R Learner')
plt.hist(cate_r_no_p, alpha=alpha, bins=bins, label='R Learner (no propensity score)')
plt.vlines(cate_s[0], 0, plt.axes().get_ylim()[1], label='S Learner',
           linestyles='dotted', colors='green', linewidth=2)
plt.title('Distribution of CATE Predictions by Meta Learner')
plt.xlabel('Individual Treatment Effect (ITE/CATE)')
plt.ylabel('# of Samples')
_=plt.legend()












[image: ../_images/examples_meta_learners_with_synthetic_data_19_0.png]







Part B: Validating Meta-Learner Accuracy

We will validate the meta-learners’ performance based on the same synthetic data generation method in Part A (simulate_nuisance_and_easy_treatment).
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train_summary, validation_summary = get_synthetic_summary_holdout(simulate_nuisance_and_easy_treatment,
                                                                  n=10000,
                                                                  valid_size=0.2,
                                                                  k=10)
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train_summary
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Uplift Trees Example with Synthetic Data

In this notebook, we use synthetic data to demonstrate the use of the tree-based algorithms.
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import numpy as np
import pandas as pd

from causalml.dataset import make_uplift_classification
from causalml.inference.tree import UpliftRandomForestClassifier
from causalml.metrics import plot_gain

from sklearn.model_selection import train_test_split
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import importlib
print(importlib.metadata.version('causalml') )













0.14.0







Generate synthetic dataset

The CausalML package contains various functions to generate synthetic datasets for uplift modeling. Here we generate a classification dataset using the make_uplift_classification() function.
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df, x_names = make_uplift_classification()
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df.head()
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Meta-Learners Examples - Single/Multiple Treatment Cases

This notebook only contains regression examples.
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%reload_ext autoreload
%autoreload 2








[2]:





import pandas as pd
import numpy as np
from matplotlib import pyplot as plt
from sklearn.linear_model import LinearRegression, LogisticRegression
from sklearn.model_selection import train_test_split
import statsmodels.api as sm
from xgboost import XGBRegressor, XGBClassifier
import warnings

# from causalml.inference.meta import XGBTLearner, MLPTLearner
from causalml.inference.meta import BaseSRegressor, BaseTRegressor, BaseXRegressor, BaseRRegressor
from causalml.inference.meta import BaseSClassifier, BaseTClassifier, BaseXClassifier, BaseRClassifier
from causalml.inference.meta import LRSRegressor
from causalml.match import NearestNeighborMatch, MatchOptimizer, create_table_one
from causalml.propensity import ElasticNetPropensityModel
from causalml.dataset import *
from causalml.metrics import *

warnings.filterwarnings('ignore')
plt.style.use('fivethirtyeight')
pd.set_option('display.float_format', lambda x: '%.4f' % x)

# imports from package
import logging
from sklearn.dummy import DummyRegressor
from sklearn.metrics import mean_squared_error as mse
from sklearn.metrics import mean_absolute_error as mae
import statsmodels.api as sm
from copy import deepcopy

logger = logging.getLogger('causalml')
logging.basicConfig(level=logging.INFO)

%matplotlib inline













/Users/jeong/.conda/envs/py36/lib/python3.6/site-packages/sklearn/utils/deprecation.py:144: FutureWarning: The sklearn.utils.testing module is  deprecated in version 0.22 and will be removed in version 0.24. The corresponding classes / functions should instead be imported from sklearn.utils. Anything that cannot be imported from sklearn.utils is now part of the private API.
  warnings.warn(message, FutureWarning)







Single Treatment Case


Generate synthetic data
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# Generate synthetic data using mode 1
y, X, treatment, tau, b, e = synthetic_data(mode=1, n=10000, p=8, sigma=1.0)

treatment = np.array(['treatment_a' if val==1 else 'control' for val in treatment])










S-Learner


ATE
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learner_s = BaseSRegressor(XGBRegressor(), control_name='control')
ate_s = learner_s.estimate_ate(X=X, treatment=treatment, y=y, return_ci=False, bootstrap_ci=False)













INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.6622
INFO:causalml:    RMSE (Treatment):     0.6941
INFO:causalml:   sMAPE   (Control):     0.6536
INFO:causalml:   sMAPE (Treatment):     0.3721
INFO:causalml:    Gini   (Control):     0.8248
INFO:causalml:    Gini (Treatment):     0.8156
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ate_s








[5]:







array([0.57431368])








ATE w/ Confidence Intervals
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alpha = 0.05
learner_s = BaseSRegressor(XGBRegressor(), ate_alpha=alpha, control_name='control')
ate_s, ate_s_lb, ate_s_ub = learner_s.estimate_ate(X=X, treatment=treatment, y=y, return_ci=True,
                                                   bootstrap_ci=False)













INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.6622
INFO:causalml:    RMSE (Treatment):     0.6941
INFO:causalml:   sMAPE   (Control):     0.6536
INFO:causalml:   sMAPE (Treatment):     0.3721
INFO:causalml:    Gini   (Control):     0.8248
INFO:causalml:    Gini (Treatment):     0.8156
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np.vstack((ate_s_lb, ate_s, ate_s_ub))
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array([[0.54689052],
       [0.57431368],
       [0.60173684]])








ATE w/ Boostrap Confidence Intervals
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ate_s_b, ate_s_lb_b, ate_s_ub_b = learner_s.estimate_ate(X=X, treatment=treatment, y=y, return_ci=True,
                                                         bootstrap_ci=True, n_bootstraps=100, bootstrap_size=5000)













INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.6622
INFO:causalml:    RMSE (Treatment):     0.6941
INFO:causalml:   sMAPE   (Control):     0.6536
INFO:causalml:   sMAPE (Treatment):     0.3721
INFO:causalml:    Gini   (Control):     0.8248
INFO:causalml:    Gini (Treatment):     0.8156
INFO:causalml:Bootstrap Confidence Intervals for ATE
100%|██████████| 100/100 [01:14<00:00,  1.34it/s]







[9]:





np.vstack((ate_s_lb_b, ate_s_b, ate_s_ub_b))
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array([[0.51141982],
       [0.57431368],
       [0.64097547]])








CATE
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learner_s = BaseSRegressor(XGBRegressor(), control_name='control')
cate_s = learner_s.fit_predict(X=X, treatment=treatment, y=y, return_ci=False)













INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.6622
INFO:causalml:    RMSE (Treatment):     0.6941
INFO:causalml:   sMAPE   (Control):     0.6536
INFO:causalml:   sMAPE (Treatment):     0.3721
INFO:causalml:    Gini   (Control):     0.8248
INFO:causalml:    Gini (Treatment):     0.8156
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cate_s
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array([[0.37674308],
       [0.42519259],
       [0.60864675],
       ...,
       [0.19940662],
       [0.35013032],
       [0.78372002]])








CATE w/ Confidence Intervals
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alpha = 0.05
learner_s = BaseSRegressor(XGBRegressor(), ate_alpha=alpha, control_name='control')
cate_s, cate_s_lb, cate_s_ub = learner_s.fit_predict(X=X, treatment=treatment, y=y, return_ci=True,
                               n_bootstraps=100, bootstrap_size=5000)













INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.6622
INFO:causalml:    RMSE (Treatment):     0.6941
INFO:causalml:   sMAPE   (Control):     0.6536
INFO:causalml:   sMAPE (Treatment):     0.3721
INFO:causalml:    Gini   (Control):     0.8248
INFO:causalml:    Gini (Treatment):     0.8156
INFO:causalml:Bootstrap Confidence Intervals
100%|██████████| 100/100 [01:02<00:00,  1.59it/s]
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cate_s








[13]:







array([[0.37674308],
       [0.42519259],
       [0.60864675],
       ...,
       [0.19940662],
       [0.35013032],
       [0.78372002]])







[14]:





cate_s_lb








[14]:







array([[-0.18972662],
       [ 0.20548496],
       [ 0.09983036],
       ...,
       [-0.62837307],
       [-0.19766161],
       [-0.07736247]])







[15]:





cate_s_ub








[15]:







array([[0.8139405 ],
       [1.278447  ],
       [1.21720439],
       ...,
       [0.90244564],
       [0.9450083 ],
       [1.1529291 ]])









T-Learner


ATE w/ Confidence Intervals


[16]:





learner_t = BaseTRegressor(XGBRegressor(), control_name='control')
ate_t, ate_t_lb, ate_t_ub = learner_t.estimate_ate(X=X, treatment=treatment, y=y)













INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.4868
INFO:causalml:    RMSE (Treatment):     0.5434
INFO:causalml:   sMAPE   (Control):     0.5230
INFO:causalml:   sMAPE (Treatment):     0.3114
INFO:causalml:    Gini   (Control):     0.9216
INFO:causalml:    Gini (Treatment):     0.8988







[17]:





np.vstack((ate_t_lb, ate_t, ate_t_ub))








[17]:







array([[0.55534845],
       [0.58090983],
       [0.60647121]])








ATE w/ Boostrap Confidence Intervals


[18]:





ate_t_b, ate_t_lb_b, ate_t_ub_b = learner_t.estimate_ate(X=X, treatment=treatment, y=y, bootstrap_ci=True,
                                                   n_bootstraps=100, bootstrap_size=5000)













INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.4868
INFO:causalml:    RMSE (Treatment):     0.5434
INFO:causalml:   sMAPE   (Control):     0.5230
INFO:causalml:   sMAPE (Treatment):     0.3114
INFO:causalml:    Gini   (Control):     0.9216
INFO:causalml:    Gini (Treatment):     0.8988
INFO:causalml:Bootstrap Confidence Intervals for ATE
100%|██████████| 100/100 [01:00<00:00,  1.66it/s]







[19]:





np.vstack((ate_t_lb_b, ate_t_b, ate_t_ub_b))








[19]:







array([[0.51343277],
       [0.58090983],
       [0.65843097]])








CATE


[20]:





learner_t = BaseTRegressor(XGBRegressor(), control_name='control')
cate_t = learner_t.fit_predict(X=X, treatment=treatment, y=y)













INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.4868
INFO:causalml:    RMSE (Treatment):     0.5434
INFO:causalml:   sMAPE   (Control):     0.5230
INFO:causalml:   sMAPE (Treatment):     0.3114
INFO:causalml:    Gini   (Control):     0.9216
INFO:causalml:    Gini (Treatment):     0.8988







[21]:





cate_t








[21]:







array([[ 0.23669004],
       [-0.0793891 ],
       [-0.10774326],
       ...,
       [ 0.30539629],
       [ 0.50784194],
       [ 0.00356007]])








CATE w/ Confidence Intervals


[22]:





learner_t = BaseTRegressor(XGBRegressor(), control_name='control')
cate_t, cate_t_lb, cate_t_ub = learner_t.fit_predict(X=X, treatment=treatment, y=y, return_ci=True, n_bootstraps=100,
                                                    bootstrap_size=5000)













INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.4868
INFO:causalml:    RMSE (Treatment):     0.5434
INFO:causalml:   sMAPE   (Control):     0.5230
INFO:causalml:   sMAPE (Treatment):     0.3114
INFO:causalml:    Gini   (Control):     0.9216
INFO:causalml:    Gini (Treatment):     0.8988
INFO:causalml:Bootstrap Confidence Intervals
100%|██████████| 100/100 [00:59<00:00,  1.68it/s]







[23]:





cate_t








[23]:







array([[ 0.23669004],
       [-0.0793891 ],
       [-0.10774326],
       ...,
       [ 0.30539629],
       [ 0.50784194],
       [ 0.00356007]])







[24]:





cate_t_lb








[24]:







array([[-0.6752711 ],
       [-0.72038152],
       [-1.2330182 ],
       ...,
       [-0.82131582],
       [-0.48846376],
       [-0.39046848]])







[25]:





cate_t_ub








[25]:







array([[1.66480025],
       [1.60697527],
       [2.06829221],
       ...,
       [1.64941401],
       [1.59083122],
       [1.53139764]])









X-Learner


ATE w/ Confidence Intervals


With Propensity Score Input


[26]:





learner_x = BaseXRegressor(XGBRegressor(), control_name='control')
ate_x, ate_x_lb, ate_x_ub = learner_x.estimate_ate(X=X, treatment=treatment, y=y, p=e)













INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.4868
INFO:causalml:    RMSE (Treatment):     0.5434
INFO:causalml:   sMAPE   (Control):     0.5230
INFO:causalml:   sMAPE (Treatment):     0.3114
INFO:causalml:    Gini   (Control):     0.9216
INFO:causalml:    Gini (Treatment):     0.8988







[27]:





np.vstack((ate_x_lb, ate_x, ate_x_ub))








[27]:







array([[0.51454586],
       [0.53721713],
       [0.55988839]])








Without Propensity Score input


[28]:





ate_x_no_p, ate_x_lb_no_p, ate_x_ub_no_p = learner_x.estimate_ate(X=X, treatment=treatment, y=y)













INFO:causalml:Generating propensity score
INFO:causalml:Calibrating propensity scores.
INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.4868
INFO:causalml:    RMSE (Treatment):     0.5434
INFO:causalml:   sMAPE   (Control):     0.5230
INFO:causalml:   sMAPE (Treatment):     0.3114
INFO:causalml:    Gini   (Control):     0.9216
INFO:causalml:    Gini (Treatment):     0.8988







[29]:





np.vstack((ate_x_lb_no_p, ate_x_no_p, ate_x_ub_no_p))








[29]:







array([[0.51334384],
       [0.53600211],
       [0.55866038]])







[30]:





learner_x.propensity_model








[30]:







{'treatment_a': {'all training': LogisticRegressionCV(Cs=array([1.00230524, 2.15608891, 4.63802765, 9.97700064]),
                       class_weight=None,
                       cv=StratifiedKFold(n_splits=3, random_state=None, shuffle=True),
                       dual=False, fit_intercept=True, intercept_scaling=1.0,
                       l1_ratios=array([0.001     , 0.33366667, 0.66633333, 0.999     ]),
                       max_iter=100, multi_class='auto', n_jobs=None,
                       penalty='elasticnet', random_state=None, refit=True,
                       scoring=None, solver='saga', tol=0.0001, verbose=0)}}









ATE w/ Boostrap Confidence Intervals


With Propensity Score Input


[31]:





ate_x_b, ate_x_lb_b, ate_x_ub_b = learner_x.estimate_ate(X=X, treatment=treatment, y=y, p=e, bootstrap_ci=True,
                                                   n_bootstraps=100, bootstrap_size=5000)













INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.4868
INFO:causalml:    RMSE (Treatment):     0.5434
INFO:causalml:   sMAPE   (Control):     0.5230
INFO:causalml:   sMAPE (Treatment):     0.3114
INFO:causalml:    Gini   (Control):     0.9216
INFO:causalml:    Gini (Treatment):     0.8988
INFO:causalml:Bootstrap Confidence Intervals for ATE
100%|██████████| 100/100 [01:55<00:00,  1.15s/it]







[32]:





np.vstack((ate_x_lb_b, ate_x_b, ate_x_ub_b))








[32]:







array([[0.46262759],
       [0.53721713],
       [0.59662513]])








Without Propensity Score Input


[33]:





ate_x_b_no_p, ate_x_lb_b_no_p, ate_x_ub_b_no_p = learner_x.estimate_ate(X=X, treatment=treatment, y=y, bootstrap_ci=True,
                                                   n_bootstraps=100, bootstrap_size=5000)













INFO:causalml:Generating propensity score
INFO:causalml:Calibrating propensity scores.
INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.4868
INFO:causalml:    RMSE (Treatment):     0.5434
INFO:causalml:   sMAPE   (Control):     0.5230
INFO:causalml:   sMAPE (Treatment):     0.3114
INFO:causalml:    Gini   (Control):     0.9216
INFO:causalml:    Gini (Treatment):     0.8988
INFO:causalml:Bootstrap Confidence Intervals for ATE
100%|██████████| 100/100 [01:56<00:00,  1.17s/it]







[34]:





np.vstack((ate_x_lb_b_no_p, ate_x_b_no_p, ate_x_ub_b_no_p))








[34]:







array([[0.44360865],
       [0.53598752],
       [0.59794413]])









CATE


With Propensity Score Input


[35]:





learner_x = BaseXRegressor(XGBRegressor(), control_name='control')
cate_x = learner_x.fit_predict(X=X, treatment=treatment, y=y, p=e)













INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.4868
INFO:causalml:    RMSE (Treatment):     0.5434
INFO:causalml:   sMAPE   (Control):     0.5230
INFO:causalml:   sMAPE (Treatment):     0.3114
INFO:causalml:    Gini   (Control):     0.9216
INFO:causalml:    Gini (Treatment):     0.8988







[36]:





cate_x








[36]:







array([[0.05178452],
       [0.01907274],
       [0.79584839],
       ...,
       [0.18147876],
       [0.34742898],
       [0.23145415]])








Without Propensity Score Input


[37]:





cate_x_no_p = learner_x.fit_predict(X=X, treatment=treatment, y=y)













INFO:causalml:Generating propensity score
INFO:causalml:Calibrating propensity scores.
INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.4868
INFO:causalml:    RMSE (Treatment):     0.5434
INFO:causalml:   sMAPE   (Control):     0.5230
INFO:causalml:   sMAPE (Treatment):     0.3114
INFO:causalml:    Gini   (Control):     0.9216
INFO:causalml:    Gini (Treatment):     0.8988







[38]:





cate_x_no_p








[38]:







array([[0.06426511],
       [0.0189166 ],
       [0.78233515],
       ...,
       [0.2237187 ],
       [0.29647103],
       [0.2359861 ]])









CATE w/ Confidence Intervals


With Propensity Score Input


[39]:





learner_x = BaseXRegressor(XGBRegressor(), control_name='control')
cate_x, cate_x_lb, cate_x_ub = learner_x.fit_predict(X=X, treatment=treatment, y=y, p=e, return_ci=True,
                                                     n_bootstraps=100, bootstrap_size=3000)













INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.4868
INFO:causalml:    RMSE (Treatment):     0.5434
INFO:causalml:   sMAPE   (Control):     0.5230
INFO:causalml:   sMAPE (Treatment):     0.3114
INFO:causalml:    Gini   (Control):     0.9216
INFO:causalml:    Gini (Treatment):     0.8988
INFO:causalml:Bootstrap Confidence Intervals
100%|██████████| 100/100 [01:14<00:00,  1.34it/s]







[40]:





cate_x








[40]:







array([[0.05178452],
       [0.01907274],
       [0.79584839],
       ...,
       [0.18147876],
       [0.34742898],
       [0.23145415]])







[41]:





cate_x_lb








[41]:







array([[-0.71763188],
       [-0.79487709],
       [-0.329782  ],
       ...,
       [-0.57672694],
       [-0.48450804],
       [-0.43157597]])







[42]:





cate_x_ub








[42]:







array([[1.40320321],
       [1.59906792],
       [1.59324502],
       ...,
       [1.07747513],
       [1.30836353],
       [1.18985624]])








Without Propensity Score Input


[43]:





cate_x_no_p, cate_x_lb_no_p, cate_x_ub_no_p = learner_x.fit_predict(X=X, treatment=treatment, y=y, return_ci=True,
                                                     n_bootstraps=100, bootstrap_size=3000)













INFO:causalml:Generating propensity score
INFO:causalml:Calibrating propensity scores.
INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.4868
INFO:causalml:    RMSE (Treatment):     0.5434
INFO:causalml:   sMAPE   (Control):     0.5230
INFO:causalml:   sMAPE (Treatment):     0.3114
INFO:causalml:    Gini   (Control):     0.9216
INFO:causalml:    Gini (Treatment):     0.8988
INFO:causalml:Bootstrap Confidence Intervals
100%|██████████| 100/100 [01:16<00:00,  1.31it/s]







[44]:





cate_x_no_p








[44]:







array([[0.06430496],
       [0.01891659],
       [0.78209735],
       ...,
       [0.22376976],
       [0.29645377],
       [0.23597794]])







[45]:





cate_x_lb_no_p








[45]:







array([[-0.62013372],
       [-0.90236405],
       [-0.31043938],
       ...,
       [-0.54219561],
       [-0.2852425 ],
       [-0.37437315]])







[46]:





cate_x_ub_no_p








[46]:







array([[1.4199368 ],
       [1.45096372],
       [1.57656827],
       ...,
       [1.34583137],
       [1.37899369],
       [1.25074382]])










R-Learner


ATE w/ Confidence Intervals


With Propensity Score Input


[47]:





learner_r = BaseRRegressor(XGBRegressor(), control_name='control')
ate_r, ate_r_lb, ate_r_ub = learner_r.estimate_ate(X=X, treatment=treatment, y=y, p=e)













INFO:causalml:generating out-of-fold CV outcome estimates
INFO:causalml:training the treatment effect model for treatment_a with R-loss







[48]:





np.vstack((ate_r_lb, ate_r, ate_r_ub))








[48]:







array([[0.55904178],
       [0.55951123],
       [0.55998069]])








Without Propensity Score Input


[49]:





ate_r_no_p, ate_r_lb_no_p, ate_r_ub_no_p = learner_r.estimate_ate(X=X, treatment=treatment, y=y)













INFO:causalml:Generating propensity score
INFO:causalml:Calibrating propensity scores.
INFO:causalml:generating out-of-fold CV outcome estimates
INFO:causalml:training the treatment effect model for treatment_a with R-loss







[50]:





np.vstack((ate_r_lb_no_p, ate_r_no_p, ate_r_ub_no_p))








[50]:







array([[0.49307912],
       [0.49354918],
       [0.49401924]])







[51]:





learner_r.propensity_model








[51]:







{'treatment_a': {'all training': LogisticRegressionCV(Cs=array([1.00230524, 2.15608891, 4.63802765, 9.97700064]),
                       class_weight=None,
                       cv=KFold(n_splits=5, random_state=None, shuffle=True),
                       dual=False, fit_intercept=True, intercept_scaling=1.0,
                       l1_ratios=array([0.001     , 0.33366667, 0.66633333, 0.999     ]),
                       max_iter=100, multi_class='auto', n_jobs=None,
                       penalty='elasticnet', random_state=None, refit=True,
                       scoring=None, solver='saga', tol=0.0001, verbose=0)}}









ATE w/ Boostrap Confidence Intervals


With Propensity Score Input


[52]:





ate_r_b, ate_r_lb_b, ate_r_ub_b = learner_r.estimate_ate(X=X, treatment=treatment, y=y, p=e, bootstrap_ci=True,
                                                   n_bootstraps=100, bootstrap_size=5000)













INFO:causalml:generating out-of-fold CV outcome estimates
INFO:causalml:training the treatment effect model for treatment_a with R-loss
INFO:causalml:Bootstrap Confidence Intervals for ATE
100%|██████████| 100/100 [01:56<00:00,  1.17s/it]







[53]:





np.vstack((ate_r_lb_b, ate_r_b, ate_r_ub_b))








[53]:







array([[0.37951505],
       [0.54612646],
       [0.53701368]])








Without Propensity Score Input


[54]:





ate_r_b_no_p, ate_r_lb_b_no_p, ate_r_ub_b_no_p = learner_r.estimate_ate(X=X, treatment=treatment, y=y, bootstrap_ci=True,
                                                   n_bootstraps=100, bootstrap_size=5000)













INFO:causalml:Generating propensity score
INFO:causalml:Calibrating propensity scores.
INFO:causalml:generating out-of-fold CV outcome estimates
INFO:causalml:training the treatment effect model for treatment_a with R-loss
INFO:causalml:Bootstrap Confidence Intervals for ATE
100%|██████████| 100/100 [02:42<00:00,  1.63s/it]







[55]:





np.vstack((ate_r_lb_b_no_p, ate_r_b_no_p, ate_r_ub_b_no_p))








[55]:







array([[0.37126915],
       [0.50635052],
       [0.51400059]])









CATE


With Propensity Score Input


[56]:





learner_r = BaseRRegressor(XGBRegressor(), control_name='control')
cate_r = learner_r.fit_predict(X=X, treatment=treatment, y=y, p=e)













INFO:causalml:generating out-of-fold CV outcome estimates
INFO:causalml:training the treatment effect model for treatment_a with R-loss







[57]:





cate_r








[57]:







array([[ 1.57365084],
       [-0.63619554],
       [-0.05320793],
       ...,
       [ 0.56346375],
       [ 0.56288183],
       [ 0.87085617]])








Without Propensity Score Input


[58]:





cate_r_no_p = learner_r.fit_predict(X=X, treatment=treatment, y=y)













INFO:causalml:Generating propensity score
INFO:causalml:Calibrating propensity scores.
INFO:causalml:generating out-of-fold CV outcome estimates
INFO:causalml:training the treatment effect model for treatment_a with R-loss







[59]:





cate_r_no_p








[59]:







array([[-0.19582933],
       [-0.29006499],
       [ 0.46513131],
       ...,
       [ 0.89712083],
       [ 0.81002617],
       [ 0.82598114]])









CATE w/ Confidence Intervals


With Propensity Score Input


[60]:





learner_r = BaseRRegressor(XGBRegressor(), control_name='control')
cate_r, cate_r_lb, cate_r_ub = learner_r.fit_predict(X=X, treatment=treatment, y=y, p=e, return_ci=True,
                                                     n_bootstraps=100, bootstrap_size=1000)













INFO:causalml:generating out-of-fold CV outcome estimates
INFO:causalml:training the treatment effect model for treatment_a with R-loss
INFO:causalml:Bootstrap Confidence Intervals
100%|██████████| 100/100 [00:46<00:00,  2.15it/s]







[61]:





cate_r








[61]:







array([[ 0.43967736],
       [-0.27467608],
       [-0.36704457],
       ...,
       [ 1.70213294],
       [ 0.53581667],
       [ 0.67119908]])







[62]:





cate_r_lb








[62]:







array([[-2.36270347],
       [-2.10110987],
       [-3.33190218],
       ...,
       [-2.25005704],
       [-2.08611215],
       [-1.89283199]])







[63]:





cate_r_ub








[63]:







array([[3.23361461],
       [4.39421365],
       [3.95620847],
       ...,
       [3.15905744],
       [3.23586204],
       [2.31788745]])








Without Propensity Score Input


[64]:





learner_r = BaseRRegressor(XGBRegressor(), control_name='control')
cate_r_no_p, cate_r_lb_no_p, cate_r_ub_no_p = learner_r.fit_predict(X=X, treatment=treatment, y=y, return_ci=True,
                                                     n_bootstraps=100, bootstrap_size=1000)













INFO:causalml:Generating propensity score
INFO:causalml:Calibrating propensity scores.
INFO:causalml:generating out-of-fold CV outcome estimates
INFO:causalml:training the treatment effect model for treatment_a with R-loss
INFO:causalml:Bootstrap Confidence Intervals
100%|██████████| 100/100 [00:31<00:00,  3.14it/s]







[65]:





cate_r_no_p








[65]:







array([[-0.14972556],
       [ 0.18446118],
       [ 0.23380044],
       ...,
       [ 0.55917108],
       [-0.16540062],
       [ 0.62050438]])







[66]:





cate_r_lb_no_p








[66]:







array([[-2.37674593],
       [-1.66803797],
       [-3.47868801],
       ...,
       [-1.95877534],
       [-2.32770172],
       [-1.68704787]])







[67]:





cate_r_ub_no_p








[67]:







array([[2.9130644 ],
       [3.99895564],
       [3.61212277],
       ...,
       [3.174209  ],
       [3.38644627],
       [2.62858756]])










Visualize


[68]:





groups = learner_r._classes

alpha = 1
linewidth = 2
bins = 30
for group,idx in sorted(groups.items(), key=lambda x: x[1]):
    plt.figure(figsize=(12,8))
    plt.hist(cate_t[:,idx], alpha=alpha, bins=bins, label='T Learner ({})'.format(group),
             histtype='step', linewidth=linewidth, density=True)
    plt.hist(cate_x[:,idx], alpha=alpha, bins=bins, label='X Learner ({})'.format(group),
             histtype='step', linewidth=linewidth, density=True)
    plt.hist(cate_r[:,idx], alpha=alpha, bins=bins, label='R Learner ({})'.format(group),
             histtype='step', linewidth=linewidth, density=True)
    plt.hist(tau, alpha=alpha, bins=bins, label='Actual ATE distr',
             histtype='step', linewidth=linewidth, color='green', density=True)
    plt.vlines(cate_s[0,idx], 0, plt.axes().get_ylim()[1], label='S Learner ({})'.format(group),
               linestyles='dotted', linewidth=linewidth)
    plt.vlines(tau.mean(), 0, plt.axes().get_ylim()[1], label='Actual ATE',
               linestyles='dotted', linewidth=linewidth, color='green')

    plt.title('Distribution of CATE Predictions for {}'.format(group))
    plt.xlabel('Individual Treatment Effect (ITE/CATE)')
    plt.ylabel('# of Samples')
    _=plt.legend()












[image: ../_images/examples_meta_learners_with_synthetic_data_multiple_treatment_108_0.png]








Multiple Treatment Case


Generate synthetic data

Note: we randomize the assignment of treatment flag AFTER the synthetic data generation process, so it doesn’t make sense to measure accuracy metrics here. Next steps would be to include multi-treatment in the DGP itself.


[69]:





# Generate synthetic data using mode 1
y, X, treatment, tau, b, e = synthetic_data(mode=1, n=10000, p=8, sigma=1.0)

treatment = np.array([('treatment_a' if np.random.random() > 0.2 else 'treatment_b')
                      if val==1 else 'control' for val in treatment])

e = {group: e for group in np.unique(treatment)}








[70]:





pd.Series(treatment).value_counts()








[70]:







control        4768
treatment_a    4146
treatment_b    1086
dtype: int64









S-Learner


ATE


[71]:





learner_s = BaseSRegressor(XGBRegressor(), control_name='control')
ate_s = learner_s.estimate_ate(X=X, treatment=treatment, y=y, return_ci=False, bootstrap_ci=False)













INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.6339
INFO:causalml:    RMSE (Treatment):     0.6447
INFO:causalml:   sMAPE   (Control):     0.6148
INFO:causalml:   sMAPE (Treatment):     0.3498
INFO:causalml:    Gini   (Control):     0.8528
INFO:causalml:    Gini (Treatment):     0.8492
INFO:causalml:Error metrics for group treatment_b
INFO:causalml:    RMSE   (Control):     0.5584
INFO:causalml:    RMSE (Treatment):     0.4771
INFO:causalml:   sMAPE   (Control):     0.5699
INFO:causalml:   sMAPE (Treatment):     0.2768
INFO:causalml:    Gini   (Control):     0.8921
INFO:causalml:    Gini (Treatment):     0.9227







[72]:





ate_s








[72]:







array([0.58349553, 0.58778215])







[73]:





learner_s._classes








[73]:







{'treatment_a': 0, 'treatment_b': 1}








ATE w/ Confidence Intervals


[74]:





alpha = 0.05
learner_s = BaseSRegressor(XGBRegressor(), ate_alpha=alpha, control_name='control')
ate_s, ate_s_lb, ate_s_ub = learner_s.estimate_ate(X=X, treatment=treatment, y=y, return_ci=True,
                                                   bootstrap_ci=False)













INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.6339
INFO:causalml:    RMSE (Treatment):     0.6447
INFO:causalml:   sMAPE   (Control):     0.6148
INFO:causalml:   sMAPE (Treatment):     0.3498
INFO:causalml:    Gini   (Control):     0.8528
INFO:causalml:    Gini (Treatment):     0.8492
INFO:causalml:Error metrics for group treatment_b
INFO:causalml:    RMSE   (Control):     0.5584
INFO:causalml:    RMSE (Treatment):     0.4771
INFO:causalml:   sMAPE   (Control):     0.5699
INFO:causalml:   sMAPE (Treatment):     0.2768
INFO:causalml:    Gini   (Control):     0.8921
INFO:causalml:    Gini (Treatment):     0.9227







[75]:





np.vstack((ate_s_lb, ate_s, ate_s_ub))








[75]:







array([[0.5555693 , 0.55278018],
       [0.58349553, 0.58778215],
       [0.61142176, 0.62278413]])








ATE w/ Boostrap Confidence Intervals


[76]:





ate_s_b, ate_s_lb_b, ate_s_ub_b = learner_s.estimate_ate(X=X, treatment=treatment, y=y, return_ci=True,
                                                         bootstrap_ci=True, n_bootstraps=100, bootstrap_size=5000)













INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.6339
INFO:causalml:    RMSE (Treatment):     0.6447
INFO:causalml:   sMAPE   (Control):     0.6148
INFO:causalml:   sMAPE (Treatment):     0.3498
INFO:causalml:    Gini   (Control):     0.8528
INFO:causalml:    Gini (Treatment):     0.8492
INFO:causalml:Error metrics for group treatment_b
INFO:causalml:    RMSE   (Control):     0.5584
INFO:causalml:    RMSE (Treatment):     0.4771
INFO:causalml:   sMAPE   (Control):     0.5699
INFO:causalml:   sMAPE (Treatment):     0.2768
INFO:causalml:    Gini   (Control):     0.8921
INFO:causalml:    Gini (Treatment):     0.9227
INFO:causalml:Bootstrap Confidence Intervals for ATE
100%|██████████| 100/100 [01:40<00:00,  1.00s/it]







[77]:





np.vstack((ate_s_lb_b, ate_s_b, ate_s_ub_b))








[77]:







array([[0.52550035, 0.52550035],
       [0.58349553, 0.58778215],
       [0.64944596, 0.64944596]])








CATE


[78]:





learner_s = BaseSRegressor(XGBRegressor(), control_name='control')
cate_s = learner_s.fit_predict(X=X, treatment=treatment, y=y, return_ci=False)













INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.6339
INFO:causalml:    RMSE (Treatment):     0.6447
INFO:causalml:   sMAPE   (Control):     0.6148
INFO:causalml:   sMAPE (Treatment):     0.3498
INFO:causalml:    Gini   (Control):     0.8528
INFO:causalml:    Gini (Treatment):     0.8492
INFO:causalml:Error metrics for group treatment_b
INFO:causalml:    RMSE   (Control):     0.5584
INFO:causalml:    RMSE (Treatment):     0.4771
INFO:causalml:   sMAPE   (Control):     0.5699
INFO:causalml:   sMAPE (Treatment):     0.2768
INFO:causalml:    Gini   (Control):     0.8921
INFO:causalml:    Gini (Treatment):     0.9227







[79]:





cate_s








[79]:







array([[ 0.91381967,  0.82956386],
       [-0.17692167, -0.15709245],
       [ 0.90877771,  0.92332006],
       ...,
       [ 0.86159408,  0.53687155],
       [ 0.66541922,  0.78590739],
       [ 1.05691028,  1.03345728]])








CATE w/ Confidence Intervals


[80]:





alpha = 0.05
learner_s = BaseSRegressor(XGBRegressor(), ate_alpha=alpha, control_name='control')
cate_s, cate_s_lb, cate_s_ub = learner_s.fit_predict(X=X, treatment=treatment, y=y, return_ci=True,
                               n_bootstraps=100, bootstrap_size=3000)













INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.6339
INFO:causalml:    RMSE (Treatment):     0.6447
INFO:causalml:   sMAPE   (Control):     0.6148
INFO:causalml:   sMAPE (Treatment):     0.3498
INFO:causalml:    Gini   (Control):     0.8528
INFO:causalml:    Gini (Treatment):     0.8492
INFO:causalml:Error metrics for group treatment_b
INFO:causalml:    RMSE   (Control):     0.5584
INFO:causalml:    RMSE (Treatment):     0.4771
INFO:causalml:   sMAPE   (Control):     0.5699
INFO:causalml:   sMAPE (Treatment):     0.2768
INFO:causalml:    Gini   (Control):     0.8921
INFO:causalml:    Gini (Treatment):     0.9227
INFO:causalml:Bootstrap Confidence Intervals
100%|██████████| 100/100 [01:03<00:00,  1.58it/s]







[81]:





cate_s








[81]:







array([[ 0.91381967,  0.82956386],
       [-0.17692167, -0.15709245],
       [ 0.90877771,  0.92332006],
       ...,
       [ 0.86159408,  0.53687155],
       [ 0.66541922,  0.78590739],
       [ 1.05691028,  1.03345728]])







[82]:





cate_s_lb








[82]:







array([[ 0.23816384, -0.32713253],
       [-0.44141183, -0.42676411],
       [-0.00206863, -0.43860602],
       ...,
       [ 0.29240462, -0.16563866],
       [-0.01797467, -0.10772878],
       [-0.51486325, -0.31691882]])







[83]:





cate_s_ub








[83]:







array([[1.40557503, 1.1807412 ],
       [1.06860972, 1.55298753],
       [1.38529261, 1.6596471 ],
       ...,
       [1.56729684, 1.47052228],
       [1.16166003, 1.1144281 ],
       [1.68127107, 1.58984778]])









T-Learner


ATE w/ Confidence Intervals


[84]:





learner_t = BaseTRegressor(XGBRegressor(), control_name='control')
ate_t, ate_t_lb, ate_t_ub = learner_t.estimate_ate(X=X, treatment=treatment, y=y)













INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.4743
INFO:causalml:    RMSE (Treatment):     0.4669
INFO:causalml:   sMAPE   (Control):     0.5062
INFO:causalml:   sMAPE (Treatment):     0.2675
INFO:causalml:    Gini   (Control):     0.9280
INFO:causalml:    Gini (Treatment):     0.9297
INFO:causalml:Error metrics for group treatment_b
INFO:causalml:    RMSE   (Control):     0.4743
INFO:causalml:    RMSE (Treatment):     0.0747
INFO:causalml:   sMAPE   (Control):     0.5062
INFO:causalml:   sMAPE (Treatment):     0.0568
INFO:causalml:    Gini   (Control):     0.9280
INFO:causalml:    Gini (Treatment):     0.9984







[85]:





np.vstack((ate_t_lb, ate_t, ate_t_ub))








[85]:







array([[0.53107041, 0.5296616 ],
       [0.55739303, 0.55794811],
       [0.58371565, 0.58623463]])








ATE w/ Boostrap Confidence Intervals


[86]:





ate_t_b, ate_t_lb_b, ate_t_ub_b = learner_t.estimate_ate(X=X, treatment=treatment, y=y, bootstrap_ci=True,
                                                   n_bootstraps=100, bootstrap_size=5000)













INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.4743
INFO:causalml:    RMSE (Treatment):     0.4669
INFO:causalml:   sMAPE   (Control):     0.5062
INFO:causalml:   sMAPE (Treatment):     0.2675
INFO:causalml:    Gini   (Control):     0.9280
INFO:causalml:    Gini (Treatment):     0.9297
INFO:causalml:Error metrics for group treatment_b
INFO:causalml:    RMSE   (Control):     0.4743
INFO:causalml:    RMSE (Treatment):     0.0747
INFO:causalml:   sMAPE   (Control):     0.5062
INFO:causalml:   sMAPE (Treatment):     0.0568
INFO:causalml:    Gini   (Control):     0.9280
INFO:causalml:    Gini (Treatment):     0.9984
INFO:causalml:Bootstrap Confidence Intervals for ATE
100%|██████████| 100/100 [01:32<00:00,  1.08it/s]







[87]:





np.vstack((ate_t_lb_b, ate_t_b, ate_t_ub_b))








[87]:







array([[0.51777538, 0.51777538],
       [0.55739303, 0.55794811],
       [0.67471492, 0.67471492]])








CATE


[88]:





learner_t = BaseTRegressor(XGBRegressor(), control_name='control')
cate_t = learner_t.fit_predict(X=X, treatment=treatment, y=y)













INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.4743
INFO:causalml:    RMSE (Treatment):     0.4669
INFO:causalml:   sMAPE   (Control):     0.5062
INFO:causalml:   sMAPE (Treatment):     0.2675
INFO:causalml:    Gini   (Control):     0.9280
INFO:causalml:    Gini (Treatment):     0.9297
INFO:causalml:Error metrics for group treatment_b
INFO:causalml:    RMSE   (Control):     0.4743
INFO:causalml:    RMSE (Treatment):     0.0747
INFO:causalml:   sMAPE   (Control):     0.5062
INFO:causalml:   sMAPE (Treatment):     0.0568
INFO:causalml:    Gini   (Control):     0.9280
INFO:causalml:    Gini (Treatment):     0.9984







[89]:





cate_t








[89]:







array([[ 1.47525787, -0.06651461],
       [ 1.26169336,  1.14718354],
       [ 1.68760026,  0.75878632],
       ...,
       [ 0.37292147,  0.20537615],
       [ 0.84290075,  0.80045319],
       [ 1.64227223,  1.91352534]])








CATE w/ Confidence Intervals


[90]:





learner_t = BaseTRegressor(XGBRegressor(), control_name='control')
cate_t, cate_t_lb, cate_t_ub = learner_t.fit_predict(X=X, treatment=treatment, y=y, return_ci=True, n_bootstraps=100,
                                                    bootstrap_size=3000)













INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.4743
INFO:causalml:    RMSE (Treatment):     0.4669
INFO:causalml:   sMAPE   (Control):     0.5062
INFO:causalml:   sMAPE (Treatment):     0.2675
INFO:causalml:    Gini   (Control):     0.9280
INFO:causalml:    Gini (Treatment):     0.9297
INFO:causalml:Error metrics for group treatment_b
INFO:causalml:    RMSE   (Control):     0.4743
INFO:causalml:    RMSE (Treatment):     0.0747
INFO:causalml:   sMAPE   (Control):     0.5062
INFO:causalml:   sMAPE (Treatment):     0.0568
INFO:causalml:    Gini   (Control):     0.9280
INFO:causalml:    Gini (Treatment):     0.9984
INFO:causalml:Bootstrap Confidence Intervals
100%|██████████| 100/100 [01:06<00:00,  1.51it/s]







[91]:





cate_t








[91]:







array([[ 1.47525787, -0.06651461],
       [ 1.26169336,  1.14718354],
       [ 1.68760026,  0.75878632],
       ...,
       [ 0.37292147,  0.20537615],
       [ 0.84290075,  0.80045319],
       [ 1.64227223,  1.91352534]])







[92]:





cate_t_lb








[92]:







array([[-0.18706408, -0.84940575],
       [-1.01419897, -0.7311732 ],
       [-0.0427315 , -0.16378173],
       ...,
       [-0.39076423, -0.16869925],
       [-0.17401927, -0.19503389],
       [-0.61903974, -1.15808628]])







[93]:





cate_t_ub








[93]:







array([[2.47563672, 1.69891493],
       [2.04089584, 1.76605188],
       [2.3567108 , 2.40833322],
       ...,
       [2.17926003, 2.26919731],
       [2.15714553, 1.91076722],
       [2.27031788, 2.03901908]])









X-Learner


ATE w/ Confidence Intervals


With Propensity Score Input


[94]:





learner_x = BaseXRegressor(XGBRegressor(), control_name='control')
ate_x, ate_x_lb, ate_x_ub = learner_x.estimate_ate(X=X, treatment=treatment, y=y, p=e)













INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.4743
INFO:causalml:    RMSE (Treatment):     0.4669
INFO:causalml:   sMAPE   (Control):     0.5062
INFO:causalml:   sMAPE (Treatment):     0.2675
INFO:causalml:    Gini   (Control):     0.9280
INFO:causalml:    Gini (Treatment):     0.9297
INFO:causalml:Error metrics for group treatment_b
INFO:causalml:    RMSE   (Control):     0.4743
INFO:causalml:    RMSE (Treatment):     0.0747
INFO:causalml:   sMAPE   (Control):     0.5062
INFO:causalml:   sMAPE (Treatment):     0.0568
INFO:causalml:    Gini   (Control):     0.9280
INFO:causalml:    Gini (Treatment):     0.9984







[95]:





np.vstack((ate_x_lb, ate_x, ate_x_ub))








[95]:







array([[0.49573269, 0.54002602],
       [0.51860246, 0.56163457],
       [0.54147223, 0.58324311]])








Without Propensity Score Input


[96]:





ate_x_no_p, ate_x_lb_no_p, ate_x_ub_no_p = learner_x.estimate_ate(X=X, treatment=treatment, y=y)













INFO:causalml:Generating propensity score
INFO:causalml:Calibrating propensity scores.
INFO:causalml:Calibrating propensity scores.
INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.4743
INFO:causalml:    RMSE (Treatment):     0.4669
INFO:causalml:   sMAPE   (Control):     0.5062
INFO:causalml:   sMAPE (Treatment):     0.2675
INFO:causalml:    Gini   (Control):     0.9280
INFO:causalml:    Gini (Treatment):     0.9297
INFO:causalml:Error metrics for group treatment_b
INFO:causalml:    RMSE   (Control):     0.4743
INFO:causalml:    RMSE (Treatment):     0.0747
INFO:causalml:   sMAPE   (Control):     0.5062
INFO:causalml:   sMAPE (Treatment):     0.0568
INFO:causalml:    Gini   (Control):     0.9280
INFO:causalml:    Gini (Treatment):     0.9984







[97]:





np.vstack((ate_x_lb_no_p, ate_x_no_p, ate_x_ub_no_p))








[97]:







array([[0.50418298, 0.56976992],
       [0.52706595, 0.59243233],
       [0.54994892, 0.61509475]])









ATE w/ Boostrap Confidence Intervals


With Propensity Score Input


[98]:





ate_x_b, ate_x_lb_b, ate_x_ub_b = learner_x.estimate_ate(X=X, treatment=treatment, y=y, p=e, bootstrap_ci=True,
                                                   n_bootstraps=100, bootstrap_size=5000)













INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.4743
INFO:causalml:    RMSE (Treatment):     0.4669
INFO:causalml:   sMAPE   (Control):     0.5062
INFO:causalml:   sMAPE (Treatment):     0.2675
INFO:causalml:    Gini   (Control):     0.9280
INFO:causalml:    Gini (Treatment):     0.9297
INFO:causalml:Error metrics for group treatment_b
INFO:causalml:    RMSE   (Control):     0.4743
INFO:causalml:    RMSE (Treatment):     0.0747
INFO:causalml:   sMAPE   (Control):     0.5062
INFO:causalml:   sMAPE (Treatment):     0.0568
INFO:causalml:    Gini   (Control):     0.9280
INFO:causalml:    Gini (Treatment):     0.9984
INFO:causalml:Bootstrap Confidence Intervals for ATE
100%|██████████| 100/100 [02:55<00:00,  1.75s/it]







[99]:





np.vstack((ate_x_lb_b, ate_x_b, ate_x_ub_b))








[99]:







array([[0.49600789, 0.49600789],
       [0.51860246, 0.56163457],
       [0.63696386, 0.63696386]])








Without Propensity Score Input


[100]:





ate_x_b_no_p, ate_x_lb_b_no_p, ate_x_ub_b_no_p = learner_x.estimate_ate(X=X, treatment=treatment, y=y, bootstrap_ci=True,
                                                   n_bootstraps=100, bootstrap_size=5000)













INFO:causalml:Generating propensity score
INFO:causalml:Calibrating propensity scores.
INFO:causalml:Calibrating propensity scores.
INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.4743
INFO:causalml:    RMSE (Treatment):     0.4669
INFO:causalml:   sMAPE   (Control):     0.5062
INFO:causalml:   sMAPE (Treatment):     0.2675
INFO:causalml:    Gini   (Control):     0.9280
INFO:causalml:    Gini (Treatment):     0.9297
INFO:causalml:Error metrics for group treatment_b
INFO:causalml:    RMSE   (Control):     0.4743
INFO:causalml:    RMSE (Treatment):     0.0747
INFO:causalml:   sMAPE   (Control):     0.5062
INFO:causalml:   sMAPE (Treatment):     0.0568
INFO:causalml:    Gini   (Control):     0.9280
INFO:causalml:    Gini (Treatment):     0.9984
INFO:causalml:Bootstrap Confidence Intervals for ATE
100%|██████████| 100/100 [02:54<00:00,  1.74s/it]







[101]:





np.vstack((ate_x_lb_b_no_p, ate_x_b_no_p, ate_x_ub_b_no_p))








[101]:







array([[0.50100288, 0.50100288],
       [0.52706414, 0.59242806],
       [0.66020792, 0.66020792]])









CATE


With Propensity Score Input


[102]:





learner_x = BaseXRegressor(XGBRegressor(), control_name='control')
cate_x = learner_x.fit_predict(X=X, treatment=treatment, y=y, p=e)













INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.4743
INFO:causalml:    RMSE (Treatment):     0.4669
INFO:causalml:   sMAPE   (Control):     0.5062
INFO:causalml:   sMAPE (Treatment):     0.2675
INFO:causalml:    Gini   (Control):     0.9280
INFO:causalml:    Gini (Treatment):     0.9297
INFO:causalml:Error metrics for group treatment_b
INFO:causalml:    RMSE   (Control):     0.4743
INFO:causalml:    RMSE (Treatment):     0.0747
INFO:causalml:   sMAPE   (Control):     0.5062
INFO:causalml:   sMAPE (Treatment):     0.0568
INFO:causalml:    Gini   (Control):     0.9280
INFO:causalml:    Gini (Treatment):     0.9984







[103]:





cate_x








[103]:







array([[ 0.57149441,  0.10240081],
       [-0.43192272,  1.48913118],
       [ 1.13622262,  0.65923928],
       ...,
       [ 0.44651704, -0.23119723],
       [ 0.93875551,  0.77003003],
       [ 0.96697381,  0.99990004]])








Without Propensity Score Input


[104]:





cate_x_no_p = learner_x.fit_predict(X=X, treatment=treatment, y=y)













INFO:causalml:Generating propensity score
INFO:causalml:Calibrating propensity scores.
INFO:causalml:Calibrating propensity scores.
INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.4743
INFO:causalml:    RMSE (Treatment):     0.4669
INFO:causalml:   sMAPE   (Control):     0.5062
INFO:causalml:   sMAPE (Treatment):     0.2675
INFO:causalml:    Gini   (Control):     0.9280
INFO:causalml:    Gini (Treatment):     0.9297
INFO:causalml:Error metrics for group treatment_b
INFO:causalml:    RMSE   (Control):     0.4743
INFO:causalml:    RMSE (Treatment):     0.0747
INFO:causalml:   sMAPE   (Control):     0.5062
INFO:causalml:   sMAPE (Treatment):     0.0568
INFO:causalml:    Gini   (Control):     0.9280
INFO:causalml:    Gini (Treatment):     0.9984







[105]:





cate_x_no_p








[105]:







array([[ 0.62959351, -0.00493521],
       [-0.48863166,  1.54109948],
       [ 1.17988308,  1.26200671],
       ...,
       [ 0.41320951,  0.73251634],
       [ 0.91104634,  0.82359481],
       [ 1.08867931,  1.44193089]])









CATE w/ Confidence Intervals


With Propensity Score Input


[106]:





learner_x = BaseXRegressor(XGBRegressor(), control_name='control')
cate_x, cate_x_lb, cate_x_ub = learner_x.fit_predict(X=X, treatment=treatment, y=y, p=e, return_ci=True,
                                                     n_bootstraps=100, bootstrap_size=1000)













INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.4743
INFO:causalml:    RMSE (Treatment):     0.4669
INFO:causalml:   sMAPE   (Control):     0.5062
INFO:causalml:   sMAPE (Treatment):     0.2675
INFO:causalml:    Gini   (Control):     0.9280
INFO:causalml:    Gini (Treatment):     0.9297
INFO:causalml:Error metrics for group treatment_b
INFO:causalml:    RMSE   (Control):     0.4743
INFO:causalml:    RMSE (Treatment):     0.0747
INFO:causalml:   sMAPE   (Control):     0.5062
INFO:causalml:   sMAPE (Treatment):     0.0568
INFO:causalml:    Gini   (Control):     0.9280
INFO:causalml:    Gini (Treatment):     0.9984
INFO:causalml:Bootstrap Confidence Intervals
100%|██████████| 100/100 [00:51<00:00,  1.94it/s]







[107]:





learner_x._classes








[107]:







{'treatment_a': 0, 'treatment_b': 1}







[108]:





cate_x








[108]:







array([[ 0.57149441,  0.10240081],
       [-0.43192272,  1.48913118],
       [ 1.13622262,  0.65923928],
       ...,
       [ 0.44651704, -0.23119723],
       [ 0.93875551,  0.77003003],
       [ 0.96697381,  0.99990004]])







[109]:





cate_x_lb








[109]:







array([[-0.23574115, -0.21029023],
       [-0.95699419, -1.05203708],
       [-0.49402807, -0.48280283],
       ...,
       [-0.12162789, -0.26408791],
       [-0.52562958, -0.19338615],
       [-0.40858565, -0.88119588]])







[110]:





cate_x_ub








[110]:







array([[1.79950407, 2.11258332],
       [1.45309225, 1.48831446],
       [1.75564219, 2.03222137],
       ...,
       [2.15191078, 2.30032378],
       [1.65228261, 1.40411322],
       [1.74815254, 1.68257617]])








Without Propensity Score Input


[111]:





cate_x_no_p, cate_x_lb_no_p, cate_x_ub_no_p = learner_x.fit_predict(X=X, treatment=treatment, y=y, return_ci=True,
                                                     n_bootstraps=100, bootstrap_size=1000)













INFO:causalml:Generating propensity score
INFO:causalml:Calibrating propensity scores.
INFO:causalml:Calibrating propensity scores.
INFO:causalml:Error metrics for group treatment_a
INFO:causalml:    RMSE   (Control):     0.4743
INFO:causalml:    RMSE (Treatment):     0.4669
INFO:causalml:   sMAPE   (Control):     0.5062
INFO:causalml:   sMAPE (Treatment):     0.2675
INFO:causalml:    Gini   (Control):     0.9280
INFO:causalml:    Gini (Treatment):     0.9297
INFO:causalml:Error metrics for group treatment_b
INFO:causalml:    RMSE   (Control):     0.4743
INFO:causalml:    RMSE (Treatment):     0.0747
INFO:causalml:   sMAPE   (Control):     0.5062
INFO:causalml:   sMAPE (Treatment):     0.0568
INFO:causalml:    Gini   (Control):     0.9280
INFO:causalml:    Gini (Treatment):     0.9984
INFO:causalml:Bootstrap Confidence Intervals
100%|██████████| 100/100 [00:51<00:00,  1.94it/s]







[112]:





learner_x._classes








[112]:







{'treatment_a': 0, 'treatment_b': 1}







[113]:





cate_x_no_p








[113]:







array([[ 0.6294132 , -0.00492528],
       [-0.48876998,  1.54111376],
       [ 1.17989094,  1.2620318 ],
       ...,
       [ 0.41319463,  0.73237091],
       [ 0.9108665 ,  0.82359564],
       [ 1.08868219,  1.441931  ]])







[114]:





cate_x_lb_no_p








[114]:







array([[-0.10073893, -0.38800051],
       [-0.81971717, -0.8298923 ],
       [-0.18606629, -0.32586878],
       ...,
       [ 0.18372251, -0.12170252],
       [-0.21309623, -0.38600234],
       [-0.44863794, -0.39716903]])







[115]:





cate_x_ub_no_p








[115]:







array([[2.00312255, 2.10486085],
       [1.59355675, 1.76340695],
       [1.77980204, 2.35535097],
       ...,
       [1.94828429, 1.94720835],
       [2.04021647, 1.71337955],
       [1.60121219, 1.82820234]])










R-Learner


ATE w/ Confidence Intervals


With Propensity Score Input


[116]:





learner_r = BaseRRegressor(XGBRegressor(), control_name='control')
ate_r, ate_r_lb, ate_r_ub = learner_r.estimate_ate(X=X, treatment=treatment, y=y, p=e)













INFO:causalml:generating out-of-fold CV outcome estimates
INFO:causalml:training the treatment effect model for treatment_a with R-loss
INFO:causalml:training the treatment effect model for treatment_b with R-loss







[117]:





np.vstack((ate_r_lb, ate_r, ate_r_ub))








[117]:







array([[0.52326968, 0.57744164],
       [0.52374892, 0.5781462 ],
       [0.52422816, 0.57885076]])








Without Propensity Score Input


[118]:





learner_r = BaseRRegressor(XGBRegressor(), control_name='control')
ate_r_no_p, ate_r_lb_no_p, ate_r_ub_no_p = learner_r.estimate_ate(X=X, treatment=treatment, y=y)













INFO:causalml:Generating propensity score
INFO:causalml:Calibrating propensity scores.
INFO:causalml:Calibrating propensity scores.
INFO:causalml:generating out-of-fold CV outcome estimates
INFO:causalml:training the treatment effect model for treatment_a with R-loss
INFO:causalml:training the treatment effect model for treatment_b with R-loss







[119]:





np.vstack((ate_r_lb_no_p, ate_r_no_p, ate_r_ub_no_p))








[119]:







array([[0.44161159, 0.71836119],
       [0.44209269, 0.71904979],
       [0.44257378, 0.71973838]])







[120]:





learner_r.propensity_model








[120]:







{'treatment_a': {'all training': LogisticRegressionCV(Cs=array([1.00230524, 2.15608891, 4.63802765, 9.97700064]),
                       class_weight=None,
                       cv=KFold(n_splits=5, random_state=None, shuffle=True),
                       dual=False, fit_intercept=True, intercept_scaling=1.0,
                       l1_ratios=array([0.001     , 0.33366667, 0.66633333, 0.999     ]),
                       max_iter=100, multi_class='auto', n_jobs=None,
                       penalty='elasticnet', random_state=None, refit=True,
                       scoring=None, solver='saga', tol=0.0001, verbose=0)},
 'treatment_b': {'all training': LogisticRegressionCV(Cs=array([1.00230524, 2.15608891, 4.63802765, 9.97700064]),
                       class_weight=None,
                       cv=KFold(n_splits=5, random_state=None, shuffle=True),
                       dual=False, fit_intercept=True, intercept_scaling=1.0,
                       l1_ratios=array([0.001     , 0.33366667, 0.66633333, 0.999     ]),
                       max_iter=100, multi_class='auto', n_jobs=None,
                       penalty='elasticnet', random_state=None, refit=True,
                       scoring=None, solver='saga', tol=0.0001, verbose=0)}}









ATE w/ Boostrap Confidence Intervals


With Propensity Score Input


[121]:





ate_r_b, ate_r_lb_b, ate_r_ub_b = learner_r.estimate_ate(X=X, treatment=treatment, y=y, p=e, bootstrap_ci=True,
                                                   n_bootstraps=100, bootstrap_size=5000)













INFO:causalml:generating out-of-fold CV outcome estimates
INFO:causalml:training the treatment effect model for treatment_a with R-loss
INFO:causalml:training the treatment effect model for treatment_b with R-loss
INFO:causalml:Bootstrap Confidence Intervals for ATE
100%|██████████| 100/100 [02:19<00:00,  1.39s/it]







[122]:





np.vstack((ate_r_lb_b, ate_r_b, ate_r_ub_b))








[122]:







array([[0.40326436, 0.40326436],
       [0.50620059, 0.5478152 ],
       [0.5697328 , 0.5697328 ]])








Without Propensity Score Input


[123]:





learner_r = BaseRRegressor(XGBRegressor(), control_name='control')
ate_r_b_no_p, ate_r_lb_b_no_p, ate_r_ub_b_no_p = learner_r.estimate_ate(X=X, treatment=treatment, y=y, bootstrap_ci=True,
                                                   n_bootstraps=100, bootstrap_size=5000)













INFO:causalml:Generating propensity score
INFO:causalml:Calibrating propensity scores.
INFO:causalml:Calibrating propensity scores.
INFO:causalml:generating out-of-fold CV outcome estimates
INFO:causalml:training the treatment effect model for treatment_a with R-loss
INFO:causalml:training the treatment effect model for treatment_b with R-loss
INFO:causalml:Bootstrap Confidence Intervals for ATE
100%|██████████| 100/100 [02:19<00:00,  1.39s/it]







[124]:





np.vstack((ate_r_lb_b_no_p, ate_r_b_no_p, ate_r_ub_b_no_p))








[124]:







array([[0.45994051, 0.45994051],
       [0.44481491, 0.66323246],
       [0.68981572, 0.68981572]])









CATE


With Propensity Score Input


[125]:





learner_r = BaseRRegressor(XGBRegressor(), control_name='control')
cate_r = learner_r.fit_predict(X=X, treatment=treatment, y=y, p=e)













INFO:causalml:generating out-of-fold CV outcome estimates
INFO:causalml:training the treatment effect model for treatment_a with R-loss
INFO:causalml:training the treatment effect model for treatment_b with R-loss







[126]:





cate_r








[126]:







array([[ 5.57098567e-01,  1.77359581e-03],
       [ 1.08587885e+00,  2.48472750e-01],
       [ 3.34437251e-01,  1.69020355e+00],
       ...,
       [-9.96065974e-01, -8.98482800e-02],
       [ 1.70625651e+00,  9.55640435e-01],
       [-1.88456130e+00,  6.50659442e-01]])








Without Propensity Score Input


[127]:





learner_r = BaseRRegressor(XGBRegressor(), control_name='control')
cate_r_no_p = learner_r.fit_predict(X=X, treatment=treatment, y=y)













INFO:causalml:Generating propensity score
INFO:causalml:Calibrating propensity scores.
INFO:causalml:Calibrating propensity scores.
INFO:causalml:generating out-of-fold CV outcome estimates
INFO:causalml:training the treatment effect model for treatment_a with R-loss
INFO:causalml:training the treatment effect model for treatment_b with R-loss







[128]:





cate_r_no_p








[128]:







array([[ 0.55478877,  0.87992519],
       [ 1.10120189,  1.29564619],
       [ 0.62448621,  0.41555083],
       ...,
       [-0.53886592,  0.44593787],
       [ 1.25231111,  0.79904991],
       [-0.64419305, -0.23014426]])









CATE w/ Confidence Intervals


With Propensity Score Input


[129]:





learner_r = BaseRRegressor(XGBRegressor(), control_name='control')
cate_r, cate_r_lb, cate_r_ub = learner_r.fit_predict(X=X, treatment=treatment, y=y, p=e, return_ci=True,
                                                     n_bootstraps=100, bootstrap_size=1000)













INFO:causalml:generating out-of-fold CV outcome estimates
INFO:causalml:training the treatment effect model for treatment_a with R-loss
INFO:causalml:training the treatment effect model for treatment_b with R-loss
INFO:causalml:Bootstrap Confidence Intervals
100%|██████████| 100/100 [00:37<00:00,  2.65it/s]







[130]:





cate_r








[130]:







array([[ 1.75007784,  0.67752302],
       [ 0.77257723,  0.12910607],
       [ 1.08854032,  0.81679094],
       ...,
       [-0.92310214,  0.645491  ],
       [ 0.92478108,  0.79903334],
       [-0.48311949,  1.00291944]])







[131]:





cate_r_lb








[131]:







array([[-0.801657  , -0.48754777],
       [-3.05317249, -5.37572038],
       [-1.50823961, -1.16822439],
       ...,
       [-1.27909884, -1.2460175 ],
       [-1.42656819, -1.59059022],
       [-1.90115855, -2.10247456]])







[132]:





cate_r_ub








[132]:







array([[4.06750882, 3.68516954],
       [4.21587243, 4.50271177],
       [4.33370841, 3.79358828],
       ...,
       [3.53610538, 3.48638564],
       [3.71832166, 3.48292163],
       [5.01262635, 3.27047309]])








Without Propensity Score Input


[ ]:





learner_r = BaseRRegressor(XGBRegressor(), control_name='control')
cate_r_no_p, cate_r_lb_no_p, cate_r_ub_no_p = learner_r.fit_predict(X=X, treatment=treatment, y=y, p=e, return_ci=True,
                                                     n_bootstraps=100, bootstrap_size=1000)













INFO:causalml:generating out-of-fold CV outcome estimates
INFO:causalml:training the treatment effect model for treatment_a with R-loss
INFO:causalml:training the treatment effect model for treatment_b with R-loss
INFO:causalml:Bootstrap Confidence Intervals
  2%|▏         | 2/100 [00:00<00:36,  2.69it/s]







[ ]:





cate_r_no_p








[ ]:





cate_r_lb_no_p








[ ]:





cate_r_ub_no_p













            

          

      

      

    

  

  
    
    

    Uplift Trees/Forests Visualization
    

    

    
 
  

    
      
          
            
  
Uplift Trees/Forests Visualization


Introduction

This example notebooks illustrates how to visualize uplift trees for interpretation and diagnosis.


Supported Models

These visualization functions work only for tree-based algorithms:


	Uplift tree/random forests on KL divergence, Euclidean Distance, and Chi-Square


	Uplift tree/random forests on Contextual Treatment Selection




Currently, they are NOT supporting Meta-learner algorithms


	S-learner


	T-learner


	X-learner


	R-learner






Supported Usage

This notebook will show how to use visualization for:


	Uplift Tree and Uplift Random Forest


	Visualize a trained uplift classification tree model


	Visualize an uplift tree in a trained uplift random forests






	Training and Validation Data


	Visualize the validation tree: fill the trained uplift classification tree with validation (or testing) data, and show the statistics for both training data and validation data






	One Treatment Group and Multiple Treatment Groups


	Visualize the case where there are one control group and one treatment group


	Visualize the case where there are one control group and multiple treatment groups











Step 1 Load Modules


[1]:





from causalml.dataset import make_uplift_classification
from causalml.inference.tree import UpliftTreeClassifier, UpliftRandomForestClassifier
from causalml.inference.tree import uplift_tree_string, uplift_tree_plot








[2]:





import numpy as np
import pandas as pd
from IPython.display import Image
from sklearn.model_selection import train_test_split









One Control + One Treatment for Uplift Classification Tree


[3]:





# Data generation
df, x_names = make_uplift_classification()

# Rename features for easy interpretation of visualization
x_names_new = ['feature_%s'%(i) for i in range(len(x_names))]
rename_dict = {x_names[i]:x_names_new[i] for i in range(len(x_names))}
df = df.rename(columns=rename_dict)
x_names = x_names_new

df.head()

df = df[df['treatment_group_key'].isin(['control','treatment1'])]

# Look at the conversion rate and sample size in each group
df.pivot_table(values='conversion',
               index='treatment_group_key',
               aggfunc=[np.mean, np.size],
               margins=True)








[3]:








  
    
    

    Model Interpretation with Feature Importance and SHAP Values
    

    

    
 
  

    
      
          
            
  
Model Interpretation with Feature Importance and SHAP Values


[1]:





import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
from sklearn.ensemble import RandomForestRegressor, GradientBoostingRegressor
from sklearn.tree import DecisionTreeRegressor
from xgboost import XGBRegressor
from lightgbm import LGBMRegressor

from causalml.inference.meta import BaseSRegressor, BaseTRegressor, BaseXRegressor, BaseRRegressor
from causalml.inference.tree import UpliftTreeClassifier, UpliftRandomForestClassifier
from causalml.dataset.regression import synthetic_data
from sklearn.linear_model import LinearRegression

import shap
import matplotlib.pyplot as plt

import time
from sklearn.inspection import permutation_importance
from sklearn.model_selection import train_test_split

import os
import warnings
warnings.filterwarnings('ignore')

os.environ['KMP_DUPLICATE_LIB_OK'] = 'True'  # for lightgbm to work

%reload_ext autoreload
%autoreload 2
%matplotlib inline













The sklearn.utils.testing module is  deprecated in version 0.22 and will be removed in version 0.24. The corresponding classes / functions should instead be imported from sklearn.utils. Anything that cannot be imported from sklearn.utils is now part of the private API.







[2]:





plt.style.use('fivethirtyeight')








[4]:





n_features = 25
n_samples = 10000
y, X, w, tau, b, e = synthetic_data(mode=1, n=n_samples, p=n_features, sigma=0.5)








[5]:





w_multi = np.array(['treatment_A' if x==1 else 'control' for x in w])
e_multi = {'treatment_A': e}








[6]:





feature_names = ['stars', 'tiger', 'merciful', 'quixotic', 'fireman', 'dependent',
                 'shelf', 'touch', 'barbarous', 'clammy', 'playground', 'rain', 'offer',
                 'cute', 'future', 'damp', 'nonchalant', 'change', 'rigid', 'sweltering',
                 'eight', 'wrap', 'lethal', 'adhesive', 'lip']  # specify feature names

model_tau = LGBMRegressor(importance_type='gain')  # specify model for model_tau








S Learner


[7]:





base_algo = LGBMRegressor()
# base_algo = XGBRegressor()
# base_algo = RandomForestRegressor()
# base_algo = LinearRegression()

slearner = BaseSRegressor(base_algo, control_name='control')
slearner.estimate_ate(X, w_multi, y)








[7]:







array([0.56829617])







[8]:





slearner_tau = slearner.fit_predict(X, w_multi, y)








Feature Importance (method = auto)


[9]:





slearner.get_importance(X=X,
                        tau=slearner_tau,
                        normalize=True,
                        method='auto',
                        features=feature_names)








[9]:







{'treatment_A': tiger         0.419967
 stars         0.413894
 quixotic      0.072241
 merciful      0.056910
 fireman       0.032434
 wrap          0.000407
 clammy        0.000383
 change        0.000306
 lip           0.000299
 touch         0.000281
 adhesive      0.000253
 playground    0.000235
 sweltering    0.000233
 offer         0.000232
 rigid         0.000217
 shelf         0.000208
 barbarous     0.000192
 damp          0.000192
 rain          0.000184
 dependent     0.000180
 nonchalant    0.000171
 lethal        0.000159
 cute          0.000154
 eight         0.000138
 future        0.000131
 dtype: float64}







[10]:





slearner.plot_importance(X=X,
                         tau=slearner_tau,
                         normalize=True,
                         method='auto',
                         features=feature_names)












[image: ../_images/examples_feature_interpretations_example_11_0.png]






Feature Importance (method = permutation)


[11]:





slearner.get_importance(X=X,
                        tau=slearner_tau,
                        method='permutation',
                        features=feature_names,
                        random_state=42)








[11]:







{'treatment_A': tiger         0.963026
 stars         0.869475
 quixotic      0.163553
 merciful      0.101724
 fireman       0.065210
 touch         0.000389
 clammy        0.000370
 adhesive      0.000180
 wrap          0.000150
 sweltering    0.000144
 change        0.000104
 lethal        0.000095
 damp          0.000071
 shelf         0.000040
 rigid         0.000028
 barbarous     0.000026
 playground    0.000021
 nonchalant   -0.000014
 cute         -0.000020
 rain         -0.000034
 offer        -0.000046
 eight        -0.000054
 dependent    -0.000060
 future       -0.000091
 lip          -0.000097
 dtype: float64}







[12]:





start_time = time.time()

slearner.get_importance(X=X,
                        tau=slearner_tau,
                        method='permutation',
                        features=feature_names,
                        random_state=42)

print("Elapsed time: %s seconds" % (time.time() - start_time))













Elapsed time: 37.788124799728394 seconds







[13]:





slearner.plot_importance(X=X,
                         tau=slearner_tau,
                         method='permutation',
                         features=feature_names,
                         random_state=42)












[image: ../_images/examples_feature_interpretations_example_15_0.png]






Feature Importance (sklearn.inspection.permutation_importance)


[14]:





start_time = time.time()

X_train, X_test, y_train, y_test = train_test_split(X, slearner_tau, test_size=0.3, random_state=42)
model_tau_fit = model_tau.fit(X_train, y_train)

perm_imp_test = permutation_importance(
    estimator=model_tau_fit,
    X=X_test,
    y=y_test,
    random_state=42).importances_mean
pd.Series(perm_imp_test, feature_names).sort_values(ascending=False)

print("Elapsed time: %s seconds" % (time.time() - start_time))













Elapsed time: 14.822510957717896 seconds







[15]:





pd.Series(perm_imp_test, feature_names).sort_values(ascending=False)








[15]:







tiger         0.963026
stars         0.869475
quixotic      0.163553
merciful      0.101724
fireman       0.065210
touch         0.000389
clammy        0.000370
adhesive      0.000180
wrap          0.000150
sweltering    0.000144
change        0.000104
lethal        0.000095
damp          0.000071
shelf         0.000040
rigid         0.000028
barbarous     0.000026
playground    0.000021
nonchalant   -0.000014
cute         -0.000020
rain         -0.000034
offer        -0.000046
eight        -0.000054
dependent    -0.000060
future       -0.000091
lip          -0.000097
dtype: float64







[16]:





pd.Series(perm_imp_test, feature_names).sort_values().plot(kind='barh', figsize=(12, 8))
plt.title('Test Set Permutation Importances')








[16]:







Text(0.5, 1.0, 'Test Set Permutation Importances')











[image: ../_images/examples_feature_interpretations_example_19_1.png]





[17]:





perm_imp_train = permutation_importance(
    estimator=model_tau_fit,
    X=X_train,
    y=y_train,
    random_state=42).importances_mean
pd.Series(perm_imp_train, feature_names).sort_values(ascending=False)








[17]:







tiger         0.912573
stars         0.871412
quixotic      0.164476
merciful      0.104541
fireman       0.064374
lip           0.001931
lethal        0.001112
future        0.001104
clammy        0.000977
touch         0.000935
damp          0.000868
wrap          0.000868
change        0.000824
sweltering    0.000806
adhesive      0.000732
offer         0.000690
rain          0.000652
barbarous     0.000525
rigid         0.000492
eight         0.000458
dependent     0.000438
cute          0.000419
nonchalant    0.000405
shelf         0.000400
playground    0.000354
dtype: float64







[18]:





pd.Series(perm_imp_train, feature_names).sort_values().plot(kind='barh', figsize=(12, 8))
plt.title('Training Set Permutation Importances')








[18]:







Text(0.5, 1.0, 'Training Set Permutation Importances')











[image: ../_images/examples_feature_interpretations_example_21_1.png]






Shapley Values


[19]:





shap_slearner = slearner.get_shap_values(X=X, tau=slearner_tau)
shap_slearner








[19]:







{'treatment_A': array([[ 4.10078017e-02, -3.44817262e-02, -5.43404776e-03, ...,
         -4.74545331e-04, -1.51053586e-03,  3.90095411e-03],
        [-7.48726271e-02,  5.93780768e-02, -1.41883322e-02, ...,
          7.46974369e-04, -4.48063259e-04, -1.89122689e-03],
        [ 8.76198804e-02, -1.16128067e-02,  4.81884470e-03, ...,
         -4.35674464e-04,  1.93345867e-03,  3.70921426e-03],
        ...,
        [ 1.97191229e-01,  1.04795472e-01,  6.66297704e-03, ...,
         -4.94229406e-04,  1.23164980e-03, -1.94624556e-03],
        [-2.51788728e-01,  1.66874562e-02,  3.63517776e-02, ...,
         -4.77522143e-04,  1.13078435e-03,  1.69601440e-03],
        [-3.20539506e-02,  2.13426166e-01, -7.80250031e-02, ...,
         -1.84885894e-04,  1.69764654e-04, -3.78072076e-03]])}







[20]:





np.mean(np.abs(shap_slearner['treatment_A']),axis=0)








[20]:







array([0.13950704, 0.14386761, 0.02545777, 0.04069884, 0.02323508,
       0.00065427, 0.00049449, 0.00085658, 0.00047613, 0.00106313,
       0.00039083, 0.00039238, 0.0004238 , 0.00033561, 0.00080356,
       0.00035307, 0.00024251, 0.0008808 , 0.00035521, 0.00104124,
       0.00022112, 0.00119311, 0.00060483, 0.00089334, 0.00178355])







[21]:





# Plot shap values without specifying shap_dict
slearner.plot_shap_values(X=X, tau=slearner_tau, features=feature_names)












[image: ../_images/examples_feature_interpretations_example_25_0.png]





[22]:





# Plot shap values WITH specifying shap_dict
slearner.plot_shap_values(X=X, shap_dict=shap_slearner)












[image: ../_images/examples_feature_interpretations_example_26_0.png]





[23]:





# interaction_idx set to None (no color coding for interaction effects)
slearner.plot_shap_dependence(treatment_group='treatment_A',
                              feature_idx=1,
                              X=X,
                              tau=slearner_tau,
                              interaction_idx=None,
                              shap_dict=shap_slearner)












[image: ../_images/examples_feature_interpretations_example_27_0.png]





[24]:





# interaction_idx set to 'auto' (searches for feature with greatest approximate interaction)
# specify feature names
slearner.plot_shap_dependence(treatment_group='treatment_A',
                              feature_idx='tiger',
                              X=X,
                              tau=slearner_tau,
                              interaction_idx='auto',
                              shap_dict=shap_slearner,
                              features=feature_names)












[image: ../_images/examples_feature_interpretations_example_28_0.png]





[25]:





# interaction_idx set to specific index
slearner.plot_shap_dependence(treatment_group='treatment_A',
                              feature_idx=1,
                              X=X,
                              tau=slearner_tau,
                              interaction_idx=10,
                              shap_dict=shap_slearner,
                              features=feature_names)












[image: ../_images/examples_feature_interpretations_example_29_0.png]







T Learner


[26]:





tlearner = BaseTRegressor(LGBMRegressor(), control_name='control')
tlearner.estimate_ate(X, w_multi, y)








[26]:







(array([0.5526554]), array([0.53763828]), array([0.56767251]))







[27]:





tlearner_tau = tlearner.fit_predict(X, w_multi, y)








Feature Importance (method = auto)


[28]:





tlearner.get_importance(X=X,
                        tau=tlearner_tau,
                        normalize=True,
                        method='auto',
                        features=feature_names)








[28]:







{'treatment_A': tiger         0.329522
 stars         0.319934
 quixotic      0.066615
 merciful      0.043139
 fireman       0.039397
 wrap          0.015105
 offer         0.013031
 touch         0.012786
 future        0.012633
 clammy        0.012428
 damp          0.011408
 dependent     0.011313
 adhesive      0.010930
 change        0.010475
 rain          0.010393
 cute          0.009622
 rigid         0.009564
 barbarous     0.009170
 nonchalant    0.009108
 eight         0.008167
 sweltering    0.007606
 lip           0.007596
 shelf         0.007189
 lethal        0.006894
 playground    0.005973
 dtype: float64}







[29]:





tlearner.plot_importance(X=X,
                         tau=tlearner_tau,
                         normalize=True,
                         method='auto',
                         features=feature_names)












[image: ../_images/examples_feature_interpretations_example_35_0.png]






Feature Importance (method = permutation)


[30]:





tlearner.get_importance(X=X,
                        tau=tlearner_tau,
                        method='permutation',
                        features=feature_names,
                        random_state=42)








[30]:







{'treatment_A': tiger         0.538136
 stars         0.510393
 quixotic      0.072974
 merciful      0.038492
 fireman       0.037728
 wrap          0.012041
 offer         0.008361
 future        0.007785
 clammy        0.006456
 adhesive      0.006216
 dependent     0.006018
 touch         0.005865
 damp          0.005544
 nonchalant    0.005190
 sweltering    0.005030
 rain          0.004813
 cute          0.004293
 change        0.004053
 lip           0.003858
 rigid         0.003853
 shelf         0.003634
 eight         0.003334
 barbarous     0.002836
 lethal        0.002367
 playground    0.000314
 dtype: float64}







[31]:





tlearner.plot_importance(X=X,
                         tau=tlearner_tau,
                         method='permutation',
                         features=feature_names,
                         random_state=42)












[image: ../_images/examples_feature_interpretations_example_38_0.png]






Feature Importance (sklearn.inspection.permutation_importance)


[32]:





start_time = time.time()

X_train, X_test, y_train, y_test = train_test_split(X, tlearner_tau, test_size=0.3, random_state=42)
model_tau_fit = model_tau.fit(X_train, y_train)

perm_imp_test = permutation_importance(
    estimator=model_tau_fit,
    X=X_test,
    y=y_test,
    random_state=42).importances_mean
pd.Series(perm_imp_test, feature_names).sort_values(ascending=False)

print("Elapsed time: %s seconds" % (time.time() - start_time))













Elapsed time: 16.60052752494812 seconds







[33]:





pd.Series(perm_imp_test, feature_names).sort_values(ascending=False)








[33]:







tiger         0.538136
stars         0.510393
quixotic      0.072974
merciful      0.038492
fireman       0.037728
wrap          0.012041
offer         0.008361
future        0.007785
clammy        0.006456
adhesive      0.006216
dependent     0.006018
touch         0.005865
damp          0.005544
nonchalant    0.005190
sweltering    0.005030
rain          0.004813
cute          0.004293
change        0.004053
lip           0.003858
rigid         0.003853
shelf         0.003634
eight         0.003334
barbarous     0.002836
lethal        0.002367
playground    0.000314
dtype: float64







[34]:





pd.Series(perm_imp_test, feature_names).sort_values().plot(kind='barh', figsize=(12, 8))
plt.title('Test Set Permutation Importances')








[34]:







Text(0.5, 1.0, 'Test Set Permutation Importances')











[image: ../_images/examples_feature_interpretations_example_42_1.png]






Shapley Values


[35]:





shap_tlearner = tlearner.get_shap_values(X=X, tau=tlearner_tau)
shap_tlearner








[35]:







{'treatment_A': array([[ 0.03170431, -0.02653401, -0.04181033, ..., -0.00420727,
         -0.00209201,  0.0116853 ],
        [-0.09827316,  0.02655629, -0.02626074, ..., -0.00074733,
          0.00907333,  0.0007965 ],
        [ 0.05350246, -0.01205391,  0.00787274, ...,  0.00092083,
          0.01316705,  0.01219494],
        ...,
        [ 0.29451126,  0.07890184, -0.00674396, ..., -0.003012  ,
          0.01859159, -0.0096335 ],
        [-0.2375042 , -0.00485028, -0.00101973, ...,  0.00079727,
          0.01883852,  0.00980794],
        [-0.05199902,  0.1479534 , -0.09951596, ...,  0.01449447,
          0.01699256, -0.01394553]])}







[36]:





# Plot shap values without specifying shap_dict
tlearner.plot_shap_values(X=X, tau=tlearner_tau, features=feature_names)












[image: ../_images/examples_feature_interpretations_example_45_0.png]





[37]:





# Plot shap values WITH specifying shap_dict
tlearner.plot_shap_values(X=X, shap_dict=shap_tlearner)












[image: ../_images/examples_feature_interpretations_example_46_0.png]







X Learner


[38]:





xlearner = BaseXRegressor(LGBMRegressor(), control_name='control')
xlearner.estimate_ate(X, w_multi, y, p=e_multi)








[38]:







(array([0.51497605]), array([0.50079629]), array([0.52915581]))







[39]:





xlearner_tau = xlearner.predict(X, w_multi, y, p=e_multi)








Feature Importance (method = auto)


[40]:





xlearner.get_importance(X=X,
                        tau=xlearner_tau,
                        normalize=True,
                        method='auto',
                        features=feature_names)








[40]:







{'treatment_A': stars         0.396410
 tiger         0.387525
 merciful      0.023992
 quixotic      0.020416
 wrap          0.013560
 future        0.012550
 fireman       0.012385
 dependent     0.012259
 adhesive      0.010841
 rain          0.009530
 clammy        0.009327
 offer         0.008513
 lip           0.008454
 touch         0.008432
 rigid         0.008281
 damp          0.007743
 shelf         0.007601
 nonchalant    0.007137
 barbarous     0.006748
 eight         0.006329
 cute          0.005616
 lethal        0.004837
 change        0.004130
 sweltering    0.004092
 playground    0.003290
 dtype: float64}







[41]:





xlearner.plot_importance(X=X,
                         tau=xlearner_tau,
                         normalize=True,
                         method='auto',
                         features=feature_names)
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Feature Importance (method = permutation)


[42]:





xlearner.get_importance(X=X,
                        tau=xlearner_tau,
                        method='permutation',
                        features=feature_names,
                        random_state=42)








[42]:







{'treatment_A': stars         0.759553
 tiger         0.745122
 merciful      0.031355
 quixotic      0.027350
 dependent     0.018033
 fireman       0.017579
 future        0.015751
 wrap          0.015741
 adhesive      0.011913
 rain          0.011430
 lip           0.010565
 clammy        0.010158
 offer         0.008963
 shelf         0.007556
 touch         0.007548
 damp          0.006499
 barbarous     0.006480
 rigid         0.006472
 nonchalant    0.006457
 lethal        0.006313
 eight         0.004812
 cute          0.004193
 change        0.003709
 sweltering    0.003384
 playground    0.001421
 dtype: float64}







[43]:





xlearner.plot_importance(X=X,
                         tau=xlearner_tau,
                         method='permutation',
                         features=feature_names,
                         random_state=42)












[image: ../_images/examples_feature_interpretations_example_55_0.png]






Feature Importance (sklearn.inspection.permutation_importance)


[44]:





start_time = time.time()

X_train, X_test, y_train, y_test = train_test_split(X, xlearner_tau, test_size=0.3, random_state=42)
model_tau_fit = model_tau.fit(X_train, y_train)

perm_imp_test = permutation_importance(
    estimator=model_tau_fit,
    X=X_test,
    y=y_test,
    random_state=42).importances_mean
pd.Series(perm_imp_test, feature_names).sort_values(ascending=False)

print("Elapsed time: %s seconds" % (time.time() - start_time))













Elapsed time: 13.757911920547485 seconds







[45]:





pd.Series(perm_imp_test, feature_names).sort_values(ascending=False)








[45]:







stars         0.759553
tiger         0.745122
merciful      0.031355
quixotic      0.027350
dependent     0.018033
fireman       0.017579
future        0.015751
wrap          0.015741
adhesive      0.011913
rain          0.011430
lip           0.010565
clammy        0.010158
offer         0.008963
shelf         0.007556
touch         0.007548
damp          0.006499
barbarous     0.006480
rigid         0.006472
nonchalant    0.006457
lethal        0.006313
eight         0.004812
cute          0.004193
change        0.003709
sweltering    0.003384
playground    0.001421
dtype: float64







[46]:





pd.Series(perm_imp_test, feature_names).sort_values().plot(kind='barh', figsize=(12, 8))
plt.title('Test Set Permutation Importances')








[46]:







Text(0.5, 1.0, 'Test Set Permutation Importances')
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Shapley Values


[47]:





shap_xlearner = xlearner.get_shap_values(X=X, tau=xlearner_tau)
shap_xlearner








[47]:







{'treatment_A': array([[ 0.05905145, -0.01813719, -0.00228681, ...,  0.00163275,
          0.000808  ,  0.01982337],
        [-0.09223067,  0.03460351, -0.00243063, ..., -0.00886324,
          0.00251886, -0.00680032],
        [ 0.07817859, -0.01975654,  0.00473035, ..., -0.00076119,
          0.0218636 ,  0.01243895],
        ...,
        [ 0.30115384,  0.09553369, -0.00154573, ..., -0.00331466,
          0.00920979, -0.0128445 ],
        [-0.21004379, -0.03674163, -0.00241997, ...,  0.00449733,
          0.01845317,  0.01552738],
        [-0.11479351,  0.06604962, -0.14693142, ...,  0.00789741,
          0.00943036, -0.01086603]])}







[48]:





# shap_dict not specified
xlearner.plot_shap_values(X=X, tau=xlearner_tau, features=feature_names)












[image: ../_images/examples_feature_interpretations_example_62_0.png]





[49]:





# shap_dict specified
xlearner.plot_shap_values(X=X, shap_dict=shap_xlearner)












[image: ../_images/examples_feature_interpretations_example_63_0.png]







R Learner


[50]:





rlearner = BaseRRegressor(LGBMRegressor(), control_name='control')
rlearner_tau = rlearner.fit_predict(X, w_multi, y, p=e_multi)








Feature Importance (method = auto)


[51]:





rlearner.get_importance(X=X,
                        tau=rlearner_tau,
                        normalize=True,
                        method='auto',
                        features=feature_names)








[51]:







{'treatment_A': stars         0.228704
 tiger         0.225389
 barbarous     0.039622
 future        0.033504
 wrap          0.032853
 quixotic      0.030002
 touch         0.029991
 damp          0.028726
 fireman       0.027299
 dependent     0.027245
 offer         0.026600
 shelf         0.025857
 merciful      0.024646
 lethal        0.022051
 clammy        0.021187
 rigid         0.020775
 nonchalant    0.020411
 change        0.019242
 eight         0.018544
 sweltering    0.018139
 rain          0.018029
 adhesive      0.016737
 cute          0.016656
 playground    0.014999
 lip           0.012792
 dtype: float64}







[63]:





rlearner.plot_importance(X=X,
                         tau=rlearner_tau,
                         method='auto',
                         features=feature_names)
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Feature Importance (method = permutation)


[64]:





rlearner.get_importance(X=X,
                        tau=rlearner_tau,
                        method='permutation',
                        features=feature_names,
                        random_state=42)








[64]:







{'treatment_A': tiger         0.333106
 stars         0.317470
 barbarous     0.030943
 future        0.026448
 wrap          0.023439
 quixotic      0.022111
 merciful      0.018122
 offer         0.017440
 clammy        0.015891
 touch         0.015746
 fireman       0.015017
 shelf         0.013932
 damp          0.013886
 dependent     0.013519
 rain          0.013181
 adhesive      0.012412
 eight         0.010187
 sweltering    0.010025
 rigid         0.008814
 lethal        0.008810
 playground    0.008513
 nonchalant    0.008323
 change        0.006865
 lip           0.005458
 cute          0.004243
 dtype: float64}







[65]:





rlearner.plot_importance(X=X,
                         tau=rlearner_tau,
                         method='permutation',
                         features=feature_names,
                         random_state=42)
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Feature Importance (sklearn.inspection.permutation_importance)


[66]:





start_time = time.time()

X_train, X_test, y_train, y_test = train_test_split(X, rlearner_tau, test_size=0.3, random_state=42)
model_tau_fit = model_tau.fit(X_train, y_train)

perm_imp_test = permutation_importance(
    estimator=model_tau_fit,
    X=X_test,
    y=y_test,
    random_state=42).importances_mean
pd.Series(perm_imp_test, feature_names).sort_values(ascending=False)

print("Elapsed time: %s seconds" % (time.time() - start_time))













Elapsed time: 90.21177053451538 seconds







[67]:





pd.Series(perm_imp_test, feature_names).sort_values(ascending=False)








[67]:







tiger         0.333106
stars         0.317470
barbarous     0.030943
future        0.026448
wrap          0.023439
quixotic      0.022111
merciful      0.018122
offer         0.017440
clammy        0.015891
touch         0.015746
fireman       0.015017
shelf         0.013932
damp          0.013886
dependent     0.013519
rain          0.013181
adhesive      0.012412
eight         0.010187
sweltering    0.010025
rigid         0.008814
lethal        0.008810
playground    0.008513
nonchalant    0.008323
change        0.006865
lip           0.005458
cute          0.004243
dtype: float64







[68]:





pd.Series(perm_imp_test, feature_names).sort_values().plot(kind='barh', figsize=(12, 8))
plt.title('Test Set Permutation Importances')








[68]:







Text(0.5, 1.0, 'Test Set Permutation Importances')
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Shapley Values


[69]:





shap_rlearner = rlearner.get_shap_values(X=X, tau=rlearner_tau)
shap_rlearner








[69]:







{'treatment_A': array([[ 0.03538328, -0.01669669, -0.00440836, ..., -0.00239448,
          0.00593215,  0.01938478],
        [-0.10946828,  0.04119494, -0.00412831, ..., -0.00789067,
          0.01280531, -0.00584103],
        [ 0.05171293, -0.00447188,  0.00395468, ..., -0.00422879,
          0.00992719,  0.00150335],
        ...,
        [ 0.31724012,  0.07934517,  0.00141576, ..., -0.0094692 ,
          0.0169413 , -0.03495447],
        [-0.20257113, -0.03005302, -0.00690099, ..., -0.00055628,
          0.02064072,  0.0141801 ],
        [-0.07420896,  0.10717246, -0.04564806, ...,  0.01367809,
          0.01263303, -0.01483177]])}







[70]:





# without providing shap_dict
rlearner.plot_shap_values(X=X, tau=rlearner_tau, features=feature_names)
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[71]:





# with providing shap_dict
rlearner.plot_shap_values(X=X, shap_dict=shap_rlearner)
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Uplift Tree/Forest

Note that uplift trees/forests are only implemented for classification at the moment, hence the following section uses a different synthetic data generation process.


UpliftTreeClassifier


[61]:





from causalml.dataset import make_uplift_classification

df, x_names = make_uplift_classification()








[62]:





uplift_tree = UpliftTreeClassifier(control_name='control')

uplift_tree.fit(X=df[x_names].values,
                treatment=df['treatment_group_key'].values,
                y=df['conversion'].values)








[63]:





pd.Series(uplift_tree.feature_importances_, index=x_names).sort_values().plot(kind='barh', figsize=(12,8))








[63]:







<matplotlib.axes._subplots.AxesSubplot at 0x7ff8f0e13e48>
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UpliftRandomForestClassifier


[64]:





uplift_rf = UpliftRandomForestClassifier(control_name='control')

uplift_rf.fit(X=df[x_names].values,
              treatment=df['treatment_group_key'].values,
              y=df['conversion'].values)








[65]:





pd.Series(uplift_rf.feature_importances_, index=x_names).sort_values().plot(kind='barh', figsize=(12,8))








[65]:







<matplotlib.axes._subplots.AxesSubplot at 0x7ff90d027358>
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    Uplift Curves with TMLE Example
    

    

    
 
  

    
      
          
            
  
Uplift Curves with TMLE Example

This notebook demonstrates the issue of using uplift curves without knowing true treatment effect and how to solve it by using TMLE as a proxy of the true treatment effect.


[2]:





%reload_ext autoreload
%autoreload 2
%matplotlib inline








[3]:





import os
base_path = os.path.abspath("../")
os.chdir(base_path)








[4]:





import logging
from matplotlib import pyplot as plt
import numpy as np
import pandas as pd
from sklearn.model_selection import train_test_split, KFold
import sys
import warnings
warnings.simplefilter("ignore", UserWarning)

from lightgbm import LGBMRegressor








[5]:





import causalml

from causalml.dataset import synthetic_data
from causalml.inference.meta import BaseXRegressor, TMLELearner
from causalml.metrics.visualize import *
from causalml.propensity import calibrate

import importlib
print(importlib.metadata.version('causalml') )













0.14.0







[8]:





logger = logging.getLogger('causalml')
logger.setLevel(logging.DEBUG)
plt.style.use('fivethirtyeight')








Generating Synthetic Data


[9]:





# Generate synthetic data using mode 1
y, X, treatment, tau, b, e = synthetic_data(mode=1, n=1000000, p=10, sigma=5.)








[10]:





X_train, X_test, y_train, y_test, e_train, e_test, treatment_train, treatment_test, tau_train, tau_test, b_train, b_test = train_test_split(X, y, e, treatment, tau, b, test_size=0.5, random_state=42)









Calculating Individual Treatment Effect (ITE/CATE)


[12]:





# X Learner
learner_x = BaseXRegressor(learner=LGBMRegressor())
learner_x.fit(X=X_train, treatment=treatment_train, y=y_train)
cate_x_test = learner_x.predict(X=X_test, p=e_test, treatment=treatment_test).flatten()








[13]:





alpha=0.2
bins=30
plt.figure(figsize=(12,8))
plt.hist(cate_x_test, alpha=alpha, bins=bins, label='X Learner')
plt.hist(tau_test, alpha=alpha, bins=bins, label='Actual')

plt.title('Distribution of CATE Predictions by X-Learner and Actual')
plt.xlabel('Individual Treatment Effect (ITE/CATE)')
plt.ylabel('# of Samples')
_=plt.legend()
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Validating CATE without TMLE


[14]:





df = pd.DataFrame({'y': y_test, 'w': treatment_test, 'tau': tau_test, 'X-Learner': cate_x_test, 'Actual': tau_test})








Uplift Curve With Ground Truth

If true treatment effect is known as in simulations, the uplift curve of a model uses the cumulative sum of the treatment effect sorted by model’s CATE estimate.

In the figure below, the uplift curve of X-learner shows positive lift close to the optimal lift by the ground truth.


[15]:





plot(df, outcome_col='y', treatment_col='w', treatment_effect_col='tau')












[image: ../_images/examples_validation_with_tmle_17_0.png]






Uplift Curve Without Ground Truth

If true treatment effect is unknown as in practice, the uplift curve of a model uses the cumulative mean difference of outcome in the treatment and control group sorted by model’s CATE estimate.

In the figure below, the uplift curves of X-learner as well as the ground truth show no lift incorrectly.


[16]:





plot(df.drop('tau', axis=1), outcome_col='y', treatment_col='w')
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TMLE


Uplift Curve with TMLE as Ground Truth

By using TMLE as a proxy of the ground truth, the uplift curves of X-learner and the ground truth become close to the original using the ground truth.
[17]:





n_fold = 5
kf = KFold(n_splits=n_fold)








[18]:





df = pd.DataFrame({'y': y_test, 'w': treatment_test, 'p': e_test, 'X-Learner': cate_x_test, 'Actual': tau_test})








[19]:





inference_cols = []
for i in range(X_test.shape[1]):
    col = 'col_' + str(i)
    df[col] = X_test[:,i]
    inference_cols.append(col)








[20]:





df.head()








[20]:
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DragonNet vs Meta-Learners Benchmark with IHDP + Synthetic Datasets

Dragonnet requires tensorflow. If you haven’t, please install tensorflow as follows:

pip install tensorflow






[1]:





%load_ext autoreload
%autoreload 2








[2]:





import pandas as pd
import numpy as np
from matplotlib import pyplot as plt
import seaborn as sns

from sklearn.linear_model import LinearRegression
from sklearn.model_selection import train_test_split, StratifiedKFold
from sklearn.linear_model import LogisticRegressionCV, LogisticRegression
from xgboost import XGBRegressor
from lightgbm import LGBMRegressor
from sklearn.metrics import mean_absolute_error
from sklearn.metrics import mean_squared_error as mse
from scipy.stats import entropy
import warnings

from causalml.inference.meta import LRSRegressor
from causalml.inference.meta import XGBTRegressor, MLPTRegressor
from causalml.inference.meta import BaseXRegressor, BaseRRegressor, BaseSRegressor, BaseTRegressor
from causalml.inference.tf import DragonNet
from causalml.match import NearestNeighborMatch, MatchOptimizer, create_table_one
from causalml.propensity import ElasticNetPropensityModel
from causalml.dataset.regression import *
from causalml.metrics import *

import os, sys

%matplotlib inline

warnings.filterwarnings('ignore')
plt.style.use('fivethirtyeight')
sns.set_palette('Paired')
plt.rcParams['figure.figsize'] = (12,8)








IHDP semi-synthetic dataset

Hill introduced a semi-synthetic dataset constructed from the Infant Health and Development Program (IHDP). This dataset is based on a randomized experiment investigating the effect of home visits by specialists on future cognitive scores. The data has 747 observations (rows). The IHDP simulation is considered the de-facto standard benchmark for neural network treatment effect estimation methods.

The original paper [https://arxiv.org/pdf/1906.02120.pdf] uses 1000 realizations from the NCPI package, but for illustration purposes, we use 1 dataset (realization) as an example below.


[3]:





df = pd.read_csv(f'data/ihdp_npci_3.csv', header=None)
cols =  ["treatment", "y_factual", "y_cfactual", "mu0", "mu1"] + [f'x{i}' for i in range(1,26)]
df.columns = cols








[4]:





df.shape








[4]:







(747, 30)







[5]:





df.head()








[5]:
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2SLS Benchmarks with NLSYM + Synthetic Datasets

We demonstrate the use of 2SLS from the package to estimate the average treatment effect by semi-synthetic data and full synthetic data.


[1]:





%reload_ext autoreload
%autoreload 2
%matplotlib inline








[2]:





import os
base_path = os.path.abspath("../")
os.chdir(base_path)








[52]:





import logging
from matplotlib import pyplot as plt
import numpy as np
import pandas as pd
import sys
from scipy import stats








[39]:





import causalml
from causalml.inference.iv import IVRegressor
from sklearn.preprocessing import StandardScaler
import statsmodels.api as sm








Semi-Synthetic Data from NLSYM

The data generation mechanism is described in Syrgkanis et al “Machine Learning Estimation of Heterogeneous Treatment Effects with Instruments” (2019).


Data Loading


[5]:





df = pd.read_csv("examples/data/card.csv")








[6]:





df.head()








[6]:
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Sensitivity Analysis Examples


Methods

We provided five methods for sensitivity analysis including (Placebo Treatment, Random Cause, Subset Data, Random Replace and Selection Bias). This notebook will walkthrough how to use the combined function sensitivity_analysis() to compare different method and also how to use each individual method separately:


	Placebo Treatment: Replacing treatment with a random variable


	Irrelevant Additional Confounder: Adding a random common cause variable


	Subset validation: Removing a random subset of the data


	Selection Bias method with One Sided confounding function and Alignment confounding function


	Random Replace: Random replace a covariate with an irrelevant variable





[2]:





%matplotlib inline
%load_ext autoreload
%autoreload 2








[3]:





import pandas as pd
import matplotlib.pyplot as plt
from sklearn.linear_model import LinearRegression
import warnings
import matplotlib
from causalml.inference.meta import BaseXLearner
from causalml.dataset import synthetic_data

from causalml.metrics.sensitivity import Sensitivity
from causalml.metrics.sensitivity import SensitivityRandomReplace, SensitivitySelectionBias

plt.style.use('fivethirtyeight')
matplotlib.rcParams['figure.figsize'] = [8, 8]
warnings.filterwarnings('ignore')

# logging.basicConfig(level=logging.INFO)

pd.options.display.float_format = '{:.4f}'.format













/Users/jing.pan/anaconda3/envs/causalml_3_6/lib/python3.6/site-packages/sklearn/utils/deprecation.py:144: FutureWarning: The sklearn.utils.testing module is  deprecated in version 0.22 and will be removed in version 0.24. The corresponding classes / functions should instead be imported from sklearn.utils. Anything that cannot be imported from sklearn.utils is now part of the private API.
  warnings.warn(message, FutureWarning)








Generate Synthetic data


[4]:





# Generate synthetic data using mode 1
num_features = 6
y, X, treatment, tau, b, e = synthetic_data(mode=1, n=100000, p=num_features, sigma=1.0)








[5]:





tau.mean()








[5]:







0.5001096146567363








Define Features


[6]:





# Generate features names
INFERENCE_FEATURES = ['feature_' + str(i) for i in range(num_features)]
TREATMENT_COL = 'target'
OUTCOME_COL = 'outcome'
SCORE_COL = 'pihat'








[7]:





df = pd.DataFrame(X, columns=INFERENCE_FEATURES)
df[TREATMENT_COL] = treatment
df[OUTCOME_COL] = y
df[SCORE_COL] = e








[8]:





df.head()








[8]:
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Unit Selection Based on Counterfactual Logic by Li and Pearl (2019)

Causal ML contains an experimental version of the counterfactual unit selection method proposed by Li and Pearl (2019) [https://ftp.cs.ucla.edu/pub/stat_ser/r488.pdf]. The method has not been extensively tested or optimised so the user should proceed with caution. This notebook demonstrates the basic use of the counterfactual unit selector.


[2]:





import numpy as np
import pandas as pd

from sklearn.linear_model import LogisticRegressionCV
from sklearn.model_selection import train_test_split

from causalml.dataset import make_uplift_classification
from causalml.optimize import CounterfactualUnitSelector
from causalml.optimize import get_treatment_costs
from causalml.optimize import get_actual_value

import matplotlib.pyplot as plt
import seaborn as sns
sns.set_style('white')

%matplotlib inline








Generate data

We first generate some synthetic data using the built-in function.


[3]:





df, X_names = make_uplift_classification(n_samples=5000,
                                         treatment_name=['control', 'treatment'])








[4]:





# Lump all treatments together for this demo
df['treatment_numeric'] = df['treatment_group_key'].replace({'control': 0, 'treatment': 1})








[5]:





df['treatment_group_key'].value_counts()








[5]:







treatment    5000
control      5000
Name: treatment_group_key, dtype: int64








Specify payoffs

In the context of a simple two-armed experiment, the counterfactual unit selection approach considers the following four segments of individuals:


	Never-takers: those who will not convert whether or not they are in the treatment


	Always-takers: those who will convert whether or not they are in the treatment


	Compliers: those who will convert if they are in the treatment and will not convert if they are in the control


	Defiers: those who will convert if they are in the control and will not convert if they are in the treatment




If we assume that the payoff from conversion is $20 and the conversion cost of a treatment is $2.5, then we can calculate the payoffs for targeting each type of individual as follows. For nevertakers, the payoff is always $0 because they will not convert or use a promotion. For alwaystakers, the payoff is -$2.5 because they would convert anyway but now we additionally give them a treatment worth $2.5. For compliers, the payoff is the benefit from conversion minus the cost of the treatment, and
for defiers the payoff is -$20 because they would convert if we didn’t treat them.


[6]:





nevertaker_payoff = 0
alwaystaker_payoff = -2.5
complier_payoff = 17.5
defier_payoff = -20









Run counterfactual unit selector

In this section we run the CounterfactualUnitSelector model and compare its performance against random assignment and a scheme in which all units are assigned to the treatment that has the best conversion in the training set. We measure the performance by looking at the average actual value payoff from those units in the testing set who happen to be in the treatment group recommended by each approach.


[7]:





# Specify the same costs as above but in a different form
tc_dict = {'control': 0, 'treatment': 2.5}
ic_dict = {'control': 0, 'treatment': 0}
conversion_value = np.full(df.shape[0], 20)

# Use the above information to get the cost of each treatment
cc_array, ic_array, conditions = get_treatment_costs(
    treatment=df['treatment_group_key'], control_name='control',
    cc_dict=tc_dict, ic_dict=ic_dict)

# Get the actual value of having a unit in their actual treatment
actual_value = get_actual_value(treatment=df['treatment_group_key'],
                                observed_outcome=df['conversion'],
                                conversion_value=conversion_value,
                                conditions=conditions,
                                conversion_cost=cc_array,
                                impression_cost=ic_array)








[8]:





df_train, df_test = train_test_split(df)
train_idx = df_train.index
test_idx = df_test.index








[9]:





# Get the outcome if treatments were allocated randomly
random_allocation_value = actual_value.loc[test_idx].mean()

# Get the actual value of those individuals who are in the best
# treatment group
best_ate = df_train.groupby(
    'treatment_group_key')['conversion'].mean().idxmax()
actual_is_best_ate = df_test['treatment_group_key'] == best_ate
best_ate_value = actual_value.loc[test_idx][actual_is_best_ate].mean()








[10]:





cus = CounterfactualUnitSelector(learner=LogisticRegressionCV(),
                                 nevertaker_payoff=nevertaker_payoff,
                                 alwaystaker_payoff=alwaystaker_payoff,
                                 complier_payoff=complier_payoff,
                                 defier_payoff=defier_payoff)

cus.fit(data=df_train.drop('treatment_group_key', 1),
        treatment='treatment_numeric',
        outcome='conversion')

cus_pred = cus.predict(data=df_test.drop('treatment_group_key', 1),
                       treatment='treatment_numeric',
                       outcome='conversion')

best_cus = np.where(cus_pred > 0, 1, 0)
actual_is_cus = df_test['treatment_numeric'] == best_cus.ravel()
cus_value = actual_value.loc[test_idx][actual_is_cus].mean()








[11]:





labels = ['Random allocation', 'Best treatment assignment', 'CounterfactualUnitSelector']
values = [random_allocation_value, best_ate_value, cus_value]

plt.bar(labels, values)
plt.ylabel('Mean actual value in testing set')
plt.xticks(rotation=45)
plt.show()












[image: ../_images/examples_counterfactual_unit_selection_14_0.svg]







            

          

      

      

    

  

  
    
    

    Counterfactual Value Estimation Using Outcome Imputation by Li and Pearl (2019)
    

    

    
 
  

    
      
          
            
  
Counterfactual Value Estimation Using Outcome Imputation by Li and Pearl (2019)


Introduction

The goal in uplift modeling is usually to predict the best treatment condition for an individual. Most of the time, the best treatment condition is assumed to be the one that has the highest probability of some “conversion event” such as the individual’s purchasing a product. This is the traditional approach in which the goal is to maximize conversion.

However, if the goal of uplift modeling is to maximize value, then it is not safe to assume that the best treatment group is the one with the highest expected conversion. For example, it might be that the payoff from conversion is not sufficient to offset the cost of the treatment, or it might be that the treatment targets individuals who would convert anyway (Li and Pearl 2019) [https://ftp.cs.ucla.edu/pub/stat_ser/r488.pdf]. Therefore, it is often important to conduct some kind of value
optimization together with uplift modeling, in order to determine the treatment group with the best value, not just the best lift.

The Causal ML package includes the CounterfactualValueEstimator class to conduct simple imputation-based value optimization. This notebook demonstrates the use of CounterfactualValueEstimator to determine the best treatment group when the costs of treatments are taken into account. We consider two kinds of costs:


	Conversion costs are those that we must endure if an individual who is in the treatment group converts. A typical example would be the cost of a promotional voucher.


	Impression costs are those that we need to pay for each individual in the treatment group irrespective of whether they convert. A typical example would be the cost associated with sending an SMS or email.




The proposed method takes two inputs: the CATE estimate \(\hat{\tau}\) learned by any suitable method, and the predicted outcome for an individual learned by what we call the conversion probability model that estimates the conditional probability of conversion \(P(Y=1 \mid X=x, W=x)\) where \(W\) is the treatment group indicator. That is, the model estimates the probability of conversion for each individual using their observed pre-treatment features \(X\). The output of this
model is then combined with the predicted CATE in order to impute the expected conversion probability for each individual under \textit{each treatment condition} as follows:

:nbsphinx-math:`begin{equation}
hat{Y}_i^0 =


begin{cases}
hat{m}(X_i, W_i) & text{for } W_i = 0 \
hat{m}(X_i, W_i) - hat{tau}_t(X_i) & text{for } W_i = t \
end{cases}




end{equation}`

:nbsphinx-math:`begin{equation}
hat{Y}_i^t =


begin{cases}
hat{m}(X_i, W_i) + hat{tau}_t(X_i) & text{for } W_i = 0 \
hat{m}(X_i, W_i) & text{for } W_i = t \
end{cases}




end{equation}`

The fact that we impute the conversion probability under each experimental condition–the actual as well as the counterfactual–gives our method its name. Using the estimated conversion probabilities, we then compute the expected payoff under each treatment condition while taking into account the value of conversion and the conversion and impression costs associated with each treatment, as follows (see Zhao and Harinen (2019) [https://arxiv.org/abs/1908.05372] for more details):


	:nbsphinx-math:`begin{equation}
	mathbb{E}[(v - cc_t)Y_t - ic_t]





end{equation}`

where \(cc_t\) and \(ic_t\) are the conversion costs and impression costs, respectively.


[2]:





import numpy as np
import pandas as pd

from sklearn.model_selection import train_test_split

import xgboost as xgb

from causalml.dataset import make_uplift_classification
from causalml.inference.meta import BaseTClassifier
from causalml.optimize import CounterfactualValueEstimator
from causalml.optimize import get_treatment_costs
from causalml.optimize import get_actual_value

import matplotlib.pyplot as plt
import seaborn as sns
sns.set_style('whitegrid')

%matplotlib inline













The sklearn.utils.testing module is  deprecated in version 0.22 and will be removed in version 0.24. The corresponding classes / functions should instead be imported from sklearn.utils. Anything that cannot be imported from sklearn.utils is now part of the private API.
sklearn.tree._criterion.RegressionCriterion size changed, may indicate binary incompatibility. Expected 168 from C header, got 360 from PyObject
sklearn.tree._criterion.Criterion size changed, may indicate binary incompatibility. Expected 160 from C header, got 352 from PyObject
sklearn.tree._criterion.ClassificationCriterion size changed, may indicate binary incompatibility. Expected 176 from C header, got 368 from PyObject








Data generation

First, we simulate some heterogeneous treatment data using the built-in function.


[3]:





df, X_names = make_uplift_classification(
    n_samples=5000, treatment_name=['control', 'treatment1', 'treatment2'])







In this example, we assume there are no costs associated with assigning units into the control group, and that for the two treatment groups the conversion cost are \$2.5 and \$5, respectively. We assume the impression costs to be zero for one of the treatments and \$0.02 for the other. We also specify the payoff, which we here assume to be the same for everyone, \$20. However, these values could vary from individual to individual.


[4]:





# Put costs into dicts
conversion_cost_dict = {'control': 0, 'treatment1': 2.5, 'treatment2': 5}
impression_cost_dict = {'control': 0, 'treatment1': 0, 'treatment2': 0.02}

# Use a helper function to put treatment costs to array
cc_array, ic_array, conditions = get_treatment_costs(treatment=df['treatment_group_key'],
                                                     control_name='control',
                                                     cc_dict=conversion_cost_dict,
                                                     ic_dict=impression_cost_dict)

# Put the conversion value into an array
conversion_value_array = np.full(df.shape[0], 20)







Next we calculate the value of actually having an individual in their actual treatment group using the equation for expected value under a treatment, ie:


	:nbsphinx-math:`begin{equation}
	mathbb{E}[(v - cc_t)Y_t - ic_t]





end{equation}`


[5]:





# Use a helper function to obtain the value of actual treatment
actual_value = get_actual_value(treatment=df['treatment_group_key'],
                                observed_outcome=df['conversion'],
                                conversion_value=conversion_value_array,
                                conditions=conditions,
                                conversion_cost=cc_array,
                                impression_cost=ic_array)








[6]:





plt.hist(actual_value)
plt.show()












[image: ../_images/examples_counterfactual_value_optimization_10_0.png]






Model evaluation

A common problem in the uplift modeling literature is that of evaluating the quality of the treatment recommendations produced by a model. The evaluation of uplift models is tricky because we do not observe treatment effects at an individual level directly in non-simulated data, so it is not possible to use standard model evaluation metrics such as mean squared error. Consequently, various authors have proposed various ways to work around this issue. For example, Schuler et al
(2018) [https://arxiv.org/abs/1804.05146] identify seven different evaluation strategies used in the literature.

Below, we use the approach of model evaluation put forward by Kaepelner et al (2014) [https://arxiv.org/abs/1404.7844]. The idea in this method is to evaluate the improvement we would gain if we targeted some as-yet untreated future population by using the recommendations produced by a particular model. To do so, we split the data into disjoint training and testing sets, and train our model on the training data. We then use the model to predict the best treatment group for units in the
testing data, which in a simple two-arm trial is either treatment or control. In order to estimate the outcome for the future population if the model were to be used, we then select a subset of the testing data based on whether their observed treatment allocation happens to be the same as the one recommended by the model. This population is called “lucky”.



	Predicted best treatment

	Actual treatment

	Lucky





	Control

	Control

	Yes



	Control

	Treatment

	No



	Treatment

	Treatment

	Yes



	Treatment

	Control

	No






The average outcome for the “lucky” population can be taken to represent what the outcome would be for a future untreated population if we were to use the uplift model in question to allocate treatments. Recall that in all of the experiments the treatments are assumed to have been allocated randomly across the total population, so there should be no selection bias. The average outcome under a given model can then be compared with alternative treatment allocation strategies. As Kaepelner et al
(2014) [https://arxiv.org/abs/1404.7844] point out, two common strategies are random allocation and “best treatment” allocation. To estimate what the outcome for a future population would be under random allocation, we can simply look at the sample mean across the total test population. To estimate the same for the “best treatment” assignment, we can look at those units in the test set whose observed treatment assignment corresponds to the treatment group with the best average treatment
effect. These alternative targeting strategies are interesting because they are a common practice in industry applications and elsewhere.


Performance against benchmarks

In this section, we compare four different targeting strategies:


	Random treatment allocation under which all units in the testing set are randomly assigned to treatments


	The “best treatment” allocation under which all units in the testing set are assigned to the treatment with the best conversion in the training set


	Allocation under an uplift model in which all units in the testing set are assigned to the treatment which is predicted to have the highest conversion rate according to an uplift model trained on the training set


	Allocation under the counterfactual value estimator model in which all units are assigned to the treatment group with the best predicted payoff





[7]:





df_train, df_test = train_test_split(df)
train_idx = df_train.index
test_idx = df_test.index








[8]:





# Calculate the benchmark value according to the random allocation
# and best treatment schemes
random_allocation_value = actual_value.loc[test_idx].mean()

best_ate = df_train.groupby(
    'treatment_group_key')['conversion'].mean().idxmax()

actual_is_best_ate = df_test['treatment_group_key'] == best_ate

best_ate_value = actual_value.loc[test_idx][actual_is_best_ate].mean()








[9]:





# Calculate the value under an uplift model
tm = BaseTClassifier(control_learner=xgb.XGBClassifier(),
                     treatment_learner=xgb.XGBClassifier(),
                     control_name='control')

tm.fit(df_train[X_names].values,
       df_train['treatment_group_key'],
       df_train['conversion'])

tm_pred = tm.predict(df_test[X_names].values)

pred_df = pd.DataFrame(tm_pred, columns=tm._classes)
tm_best = pred_df.idxmax(axis=1)
actual_is_tm_best = df_test['treatment_group_key'] == tm_best.ravel()
tm_value = actual_value.loc[test_idx][actual_is_tm_best].mean()








[10]:





# Estimate the conditional mean model; this is a pure curve
# fitting exercise
proba_model = xgb.XGBClassifier()

W_dummies = pd.get_dummies(df['treatment_group_key'])
XW = np.c_[df[X_names], W_dummies]

proba_model.fit(XW[train_idx], df_train['conversion'])
y_proba = proba_model.predict_proba(XW[test_idx])[:, 1]








[11]:





# Run the counterfactual calculation with TwoModel prediction
cve = CounterfactualValueEstimator(treatment=df_test['treatment_group_key'],
                                   control_name='control',
                                   treatment_names=conditions[1:],
                                   y_proba=y_proba,
                                   cate=tm_pred,
                                   value=conversion_value_array[test_idx],
                                   conversion_cost=cc_array[test_idx],
                                   impression_cost=ic_array[test_idx])

cve_best_idx = cve.predict_best()
cve_best = [conditions[idx] for idx in cve_best_idx]
actual_is_cve_best = df.loc[test_idx, 'treatment_group_key'] == cve_best
cve_value = actual_value.loc[test_idx][actual_is_cve_best].mean()








[12]:





labels = [
    'Random allocation',
    'Best treatment',
    'T-Learner',
    'CounterfactualValueEstimator'
]

values = [
    random_allocation_value,
    best_ate_value,
    tm_value,
    cve_value
]

plt.bar(labels, values)
plt.ylabel('Mean actual value in testing set')
plt.xticks(rotation=45)
plt.show()












[image: ../_images/examples_counterfactual_value_optimization_21_0.png]




Here, only CounterfactualValueEstimator improves upon random targeting. The “best treatment” and T-Learner approaches likely perform worse because they recommend costly treatments to individuals who would convert anyway.
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Feature Selection for Uplift Trees by Zhao et al. (2020)


This notebook includes two sections:

- Feature selection: demonstrate how to use Filter methods to select the most important numeric features - Performance evaluation: evaluate the AUUC performance with top features dataset



(Paper reference: Zhao, Zhenyu, et al. “Feature Selection Methods for Uplift Modeling.” arXiv preprint arXiv:2005.03447 (2020). [https://arxiv.org/abs/2005.03447])


[1]:





import numpy as np
import pandas as pd








[2]:





from causalml.dataset import make_uplift_classification








Import FilterSelect class for Filter methods


[3]:





from causalml.feature_selection.filters import FilterSelect








[4]:





from causalml.inference.tree import UpliftRandomForestClassifier
from causalml.inference.meta import BaseXRegressor, BaseRRegressor, BaseSRegressor, BaseTRegressor
from causalml.metrics import plot_gain, auuc_score








[5]:





from sklearn.model_selection import train_test_split
from sklearn.ensemble import RandomForestRegressor








[6]:





import logging

logger = logging.getLogger('causalml')
logging.basicConfig(level=logging.INFO)








Generate dataset

Generate synthetic data using the built-in function.


[7]:





# define parameters for simulation

y_name = 'conversion'
treatment_group_keys = ['control', 'treatment1']
n = 10000
n_classification_features = 50
n_classification_informative = 10
n_classification_repeated = 0
n_uplift_increase_dict = {'treatment1': 8}
n_uplift_decrease_dict = {'treatment1': 4}
delta_uplift_increase_dict = {'treatment1': 0.1}
delta_uplift_decrease_dict = {'treatment1': -0.1}

random_seed = 20200808








[8]:





df, X_names = make_uplift_classification(
    treatment_name=treatment_group_keys,
    y_name=y_name,
    n_samples=n,
    n_classification_features=n_classification_features,
    n_classification_informative=n_classification_informative,
    n_classification_repeated=n_classification_repeated,
    n_uplift_increase_dict=n_uplift_increase_dict,
    n_uplift_decrease_dict=n_uplift_decrease_dict,
    delta_uplift_increase_dict = delta_uplift_increase_dict,
    delta_uplift_decrease_dict = delta_uplift_decrease_dict,
    random_seed=random_seed
)













INFO:numexpr.utils:Note: NumExpr detected 12 cores but "NUMEXPR_MAX_THREADS" not set, so enforcing safe limit of 8.
INFO:numexpr.utils:NumExpr defaulting to 8 threads.







[9]:





df.head()








[9]:
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Policy Learner by Athey and Wager (2018) with Binary Treatment

This notebook demonstrates the use of the CausalML implementation of the policy learner by Athey and Wager (2018) (https://arxiv.org/abs/1702.02896).


[1]:





%load_ext autoreload
%autoreload 2








[2]:





import pandas as pd
import numpy as np
from matplotlib import pyplot as plt








[3]:





from sklearn.model_selection import cross_val_predict, KFold
from sklearn.ensemble import GradientBoostingRegressor, GradientBoostingClassifier
from sklearn.tree import DecisionTreeClassifier








[4]:





from causalml.optimize import PolicyLearner
from sklearn.tree import plot_tree
from lightgbm import LGBMRegressor
from causalml.inference.meta import BaseXRegressor













---------------------------------------------------------------------------
RuntimeError                              Traceback (most recent call last)
RuntimeError: module compiled against API version 0xe but this version of numpy is 0xd












The sklearn.utils.testing module is  deprecated in version 0.22 and will be removed in version 0.24. The corresponding classes / functions should instead be imported from sklearn.utils. Anything that cannot be imported from sklearn.utils is now part of the private API.







Binary treatment policy learning

First we generate a synthetic data set with binary treatment. The treatment is random conditioned on covariates. The treatment effect is heterogeneous where for some individuals it is negative. We use a policy learner to classify the individuals into treat/no-treat groups to maximize the total treatment effect.


[5]:





np.random.seed(1234)

n = 10000
p = 10

X = np.random.normal(size=(n, p))
ee = 1 / (1 + np.exp(X[:, 2]))
tt = 1 / (1 + np.exp(X[:, 0] + X[:, 1])/2) - 0.5
W = np.random.binomial(1, ee, n)
Y = X[:, 2] + W * tt + np.random.normal(size=n)







Use policy learner with default outcome/treatment estimator and a simple policy classifier.


[6]:





policy_learner = PolicyLearner(policy_learner=DecisionTreeClassifier(max_depth=2), calibration=True)








[7]:





policy_learner.fit(X, W, Y)








[7]:







PolicyLearner(model_mu=GradientBoostingRegressor(),
        model_w=GradientBoostingClassifier(),
\model_pi=DecisionTreeClassifier(max_depth=2))







[8]:





plt.figure(figsize=(15,7))
plot_tree(policy_learner.model_pi)








[8]:







[Text(469.8, 340.2, 'X[0] <= -0.938\ngini = 0.497\nsamples = 10000\nvalue = [7453.281, 8811.792]'),
 Text(234.9, 204.12, 'X[5] <= -0.396\ngini = 0.461\nsamples = 1760\nvalue = [1090.326, 1941.877]'),
 Text(117.45, 68.03999999999996, 'gini = 0.489\nsamples = 619\nvalue = [428.371, 575.3]'),
 Text(352.35, 68.03999999999996, 'gini = 0.44\nsamples = 1141\nvalue = [661.956, 1366.577]'),
 Text(704.7, 204.12, 'X[1] <= 0.035\ngini = 0.499\nsamples = 8240\nvalue = [6362.955, 6869.915]'),
 Text(587.25, 68.03999999999996, 'gini = 0.4