

    
      
          
            
  


Scalecast Example Notebooks

Welcome! Here we overview scalecast models and features. If you notice a typo, think something could be stated more clearly, or have any other suggestion or bug you want addressed, contact mikekeith52@gmail.com or open an issue [https://github.com/mikekeith52/scalecast/issues/new].

Back to scalecast: https://scalecast.readthedocs.io/en/latest/










            

          

      

      

    

  

    
      
          
            
  


Introductory Example

This demonstrates an example using scalecast 0.18.0. Several features explored are not available in earlier versions, so if anything is not working, try upgrading:

pip install --upgrade scalecast

If things are still not working, you spot a typo, or you have some other suggestion to improve functionality or document readability, open an issue [https://github.com/mikekeith52/scalecast/issues/new] or email mikekeith52@gmail.com.

Link to dataset used in this example: https://www.kaggle.com/datasets/neuromusic/avocado-prices.

Latest official documentation [https://scalecast.readthedocs.io/en/latest/index.html].


[1]:





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








[2]:





# read in data
data = pd.read_csv('avocado.csv',parse_dates = ['Date'])
data = data.sort_values(['region','type','Date'])
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Univariate Forecasting


Load the Forecaster Object


	This is an object that can store data, run forecasts, store results, and plot. It’s a UI, procedure, and set of models all-in-one.


	Forecasts in scalecast are run with a dynamic recursive approach by default, as opposed to a direct or other approach.


	Forecaster Object Documentation [https://scalecast.readthedocs.io/en/latest/Forecaster/Forecaster.html].





[3]:





from scalecast.Forecaster import Forecaster








[4]:





volume = data.groupby('Date')['Total Volume'].sum()








[5]:





f = Forecaster(
    y = volume,
    current_dates = volume.index,
    future_dates = 13,
)

f








[5]:







Forecaster(
    DateStartActuals=2015-01-04T00:00:00.000000000
    DateEndActuals=2018-03-25T00:00:00.000000000
    Freq=W-SUN
    N_actuals=169
    ForecastLength=13
    Xvars=[]
    TestLength=0
    ValidationMetric=rmse
    ForecastsEvaluated=[]
    CILevel=None
    CurrentEstimator=mlr
    GridsFile=Grids
)








Exploratory Data Analysis


[6]:





f.plot()
plt.show()












[image: ../../_images/misc_introduction_Introduction2_9_0.png]





[7]:





plt.rc("figure",figsize=(10,6))
f.seasonal_decompose().plot()
plt.show()
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[8]:





figs, axs = plt.subplots(2, 1,figsize=(9,9))
f.plot_acf(ax=axs[0],title='ACF',lags=26,color='black')
f.plot_pacf(ax=axs[1],title='PACF',lags=26,color='#B2C248',method='ywm')
plt.show()
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Parameterize the Forecaster Object


Set Test Length


	Starting in scalecast version 0.16.0, you can skip model testing by setting a test length of 0.


	In this example, all models will be tested on the last 15% of the observed values in the dataset.





[9]:





f.set_test_length(.15)









Tell the Object to Evaluate Confidence Intervals


	This only works if there is a test set specified and it is of a sufficient size.


	See the documentation [https://scalecast.readthedocs.io/en/latest/Forecaster/Forecaster.html#src.scalecast.Forecaster.Forecaster.eval_cis].


	See the example [https://scalecast-examples.readthedocs.io/en/latest/misc/cis/cis.html].





[10]:





# default args below
f.eval_cis(
    mode = True, # tell the object to evaluate intervals
    cilevel = .95, # 95% confidence level
)









Specify Model Inputs


Trend


[11]:





f.add_time_trend()









Seasonality


[12]:





f.add_seasonal_regressors('week',raw=False,sincos=True)









Autoregressive Terms / Series Lags


[13]:





f.add_ar_terms(13)








[14]:





f








[14]:







Forecaster(
    DateStartActuals=2015-01-04T00:00:00.000000000
    DateEndActuals=2018-03-25T00:00:00.000000000
    Freq=W-SUN
    N_actuals=169
    ForecastLength=13
    Xvars=['t', 'weeksin', 'weekcos', 'AR1', 'AR2', 'AR3', 'AR4', 'AR5', 'AR6', 'AR7', 'AR8', 'AR9', 'AR10', 'AR11', 'AR12', 'AR13']
    TestLength=25
    ValidationMetric=rmse
    ForecastsEvaluated=[]
    CILevel=0.95
    CurrentEstimator=mlr
    GridsFile=Grids
)










Run Models


	See the available models [https://scalecast.readthedocs.io/en/latest/Forecaster/_forecast.html].


	See the blog post [https://medium.com/towards-data-science/expand-your-time-series-arsenal-with-these-models-10c807d37558].


	The dynamic_testing argument for all of these will be 13 – test-set results will then be in terms of rolling averages of 13-step forecasts, which is also our forecast length.


	The resulting forecasts from this process are not well-fit. Better forecasts are obtained once more optimization is performed in later sections.





Linear Scikit-Learn Models


[15]:





f.set_estimator('mlr')
f.manual_forecast(dynamic_testing=13)








[16]:





f.set_estimator('lasso')
f.manual_forecast(alpha=0.2,dynamic_testing=13)








[17]:





f.set_estimator('ridge')
f.manual_forecast(alpha=0.2,dynamic_testing=13)








[18]:





f.set_estimator('elasticnet')
f.manual_forecast(alpha=0.2,l1_ratio=0.5,dynamic_testing=13)








[19]:





f.set_estimator('sgd')
f.manual_forecast(alpha=0.2,l1_ratio=0.5,dynamic_testing=13)








[20]:





f.plot_test_set(ci=True,models=['mlr','lasso','ridge','elasticnet','sgd'],order_by='TestSetRMSE')
plt.show()
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[21]:





f.plot(ci=True,models=['mlr','lasso','ridge','elasticnet','sgd'],order_by='TestSetRMSE')
plt.show()
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Non-linear Scikit-Learn Models


[22]:





f.set_estimator('rf')
f.manual_forecast(max_depth=2,dynamic_testing=13)








[23]:





f.set_estimator('gbt')
f.manual_forecast(max_depth=2,dynamic_testing=13)








[24]:





f.set_estimator('xgboost')
f.manual_forecast(gamma=1,dynamic_testing=13)








[25]:





f.set_estimator('lightgbm')
f.manual_forecast(max_depth=2,dynamic_testing=13)








[26]:





f.set_estimator('catboost')
f.manual_forecast(depth=4,verbose=False,dynamic_testing=13)













Finished loading model, total used 100 iterations







[27]:





f.set_estimator('knn')
f.manual_forecast(n_neighbors=5,dynamic_testing=13)













Finished loading model, total used 100 iterations







[28]:





f.set_estimator('mlp')
f.manual_forecast(hidden_layer_sizes=(50,50),solver='lbfgs',dynamic_testing=13)













Finished loading model, total used 100 iterations







[29]:





f.plot_test_set(
    ci=True,
    models=['rf','gbt','xgboost','lightgbm','catboost','knn','mlp'],
    order_by='TestSetRMSE'
)
plt.show()
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[30]:





f.plot(ci=True,models=['rf','gbt','xgboost','lightgbm','knn','mlp'],order_by='TestSetRMSE')
plt.show()
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Stacking Models


Sklearn Stacking Model


[31]:





from sklearn.ensemble import StackingRegressor
from sklearn.linear_model import SGDRegressor
from sklearn.linear_model import ElasticNet
from sklearn.ensemble import GradientBoostingRegressor
from sklearn.neighbors import KNeighborsRegressor
from xgboost import XGBRegressor
from lightgbm import LGBMRegressor








[32]:





f.add_sklearn_estimator(StackingRegressor,'stacking')








[33]:





estimators = [
    ('elasticnet',ElasticNet(alpha=0.2)),
    ('xgboost',XGBRegressor(gamma=1)),
    ('gbt',GradientBoostingRegressor(max_depth=2)),
]

final_estimator = LGBMRegressor()

f.set_estimator('stacking')
f.manual_forecast(
    estimators=estimators,
    final_estimator=final_estimator,
    dynamic_testing=13
)













Finished loading model, total used 100 iterations








Scalecast Stacking Model


[34]:





f.add_signals(['elasticnet','lightgbm','xgboost','knn'],train_only=True)
f.set_estimator('catboost')
f.manual_forecast(call_me = 'catboost_stack',verbose=False)













Finished loading model, total used 100 iterations
Finished loading model, total used 100 iterations







[35]:





f.plot_test_set(models=['stacking','catboost_stack'],ci=True,order_by='TestSetRMSE')
plt.show()
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[36]:





f.plot(models=['stacking','catboost_stack'],ci=True,order_by='TestSetRMSE')
plt.show()
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ARIMA


	auxmodels.auto_arima [https://scalecast.readthedocs.io/en/latest/Forecaster/Auxmodels.html#module-src.scalecast.auxmodels.auto_arima]





[37]:





from scalecast.auxmodels import auto_arima








[38]:





auto_arima(f,m=52)













Finished loading model, total used 100 iterations
Finished loading model, total used 100 iterations







[39]:





f.plot_test_set(models='auto_arima',ci=True)
plt.show()
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[40]:





f.plot(models='auto_arima',ci=True)
plt.show()
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Prophet


[41]:





f.set_estimator('prophet')
f.manual_forecast()













Finished loading model, total used 100 iterations
Finished loading model, total used 100 iterations












22:14:17 - cmdstanpy - INFO - Chain [1] start processing
22:14:17 - cmdstanpy - INFO - Chain [1] done processing
22:14:17 - cmdstanpy - INFO - Chain [1] start processing
22:14:17 - cmdstanpy - INFO - Chain [1] done processing







[42]:





f.plot_test_set(models='prophet',ci=True)
plt.show()
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[43]:





f.plot(models='prophet',ci=True)
plt.show()
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Other univariate models available: TBATS [https://scalecast.readthedocs.io/en/latest/Forecaster/_forecast.html#module-src.scalecast.Forecaster.Forecaster._forecast_tbats], Holt-Winters Exponential Smoothing [https://scalecast.readthedocs.io/en/latest/Forecaster/_forecast.html#module-src.scalecast.Forecaster.Forecaster._forecast_hwes], LSTM [https://scalecast.readthedocs.io/en/latest/Forecaster/_forecast.html#module-src.scalecast.Forecaster.Forecaster._forecast_lstm],
RNN [https://scalecast.readthedocs.io/en/latest/Forecaster/_forecast.html#module-src.scalecast.Forecaster.Forecaster._forecast_rnn], Silverkite [https://scalecast.readthedocs.io/en/latest/Forecaster/_forecast.html#module-src.scalecast.Forecaster.Forecaster._forecast_silverkite], Theta [https://scalecast.readthedocs.io/en/latest/Forecaster/_forecast.html#module-src.scalecast.Forecaster.Forecaster._forecast_theta].

Working on: N-Beats, N-Hits, Genetic Algorithm.





Multivariate Forecasting


Load the MVForecaster Object


	This object extends the univariate approach to several series, with many of the same plotting and reporting features available.


	Documentation [https://scalecast.readthedocs.io/en/latest/Forecaster/MVForecaster.html]





[44]:





from scalecast.MVForecaster import MVForecaster








[45]:





price = data.groupby('Date')['AveragePrice'].mean()

fvol = Forecaster(y=volume,current_dates=volume.index,future_dates=13)
fprice = Forecaster(y=price,current_dates=price.index,future_dates=13)

fvol.add_time_trend()
fvol.add_seasonal_regressors('week',raw=False,sincos=True)

mvf = MVForecaster(
    fvol,
    fprice,
    merge_Xvars='union',
    names=['volume','price'],
)

mvf








[45]:







MVForecaster(
    DateStartActuals=2015-01-04T00:00:00.000000000
    DateEndActuals=2018-03-25T00:00:00.000000000
    Freq=W-SUN
    N_actuals=169
    N_series=2
    SeriesNames=['volume', 'price']
    ForecastLength=13
    Xvars=['t', 'weeksin', 'weekcos']
    TestLength=0
    ValidationLength=1
    ValidationMetric=rmse
    ForecastsEvaluated=[]
    CILevel=None
    CurrentEstimator=mlr
    OptimizeOn=mean
    GridsFile=MVGrids
)








Exploratory Data Analysis


[46]:





mvf.plot(series='volume')
plt.show()
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[47]:





mvf.plot(series='price')
plt.show()
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[48]:





mvf.corr(disp='heatmap',cmap='Spectral',annot=True,vmin=-1,vmax=1)
plt.show()
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[49]:





mvf.corr_lags(y='price',x='volume',disp='heatmap',cmap='Spectral',annot=True,vmin=-1,vmax=1,lags=13)
plt.show()
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[50]:





mvf.corr_lags(y='volume',x='price',disp='heatmap',cmap='Spectral',annot=True,vmin=-1,vmax=1,lags=13)
plt.show()
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Parameterize the MVForecaster Object


	Starting in scalecast version 0.16.0, you can skip model testing by setting a test length of 0.


	In this example, all models will be tested on the last 15% of the observed values in the dataset.


	We will also have model optimization select hyperparemeters based on what predicts the volume series, rather than the price series, or an average of the two (which is the default), best.


	Custom optimization [https://scalecast.readthedocs.io/en/latest/Forecaster/MVForecaster.html#src.scalecast.MVForecaster.MVForecaster.add_optimizer_func] functions are available.





[51]:





mvf.set_test_length(.15)
mvf.set_optimize_on('volume') # we care more about predicting volume and price is just used to make those predictions more accurate
# by default, the optimizer uses an average scoring of all series in the MVForecaster object
mvf.eval_cis() # tell object to evaluate cis

mvf








[51]:







MVForecaster(
    DateStartActuals=2015-01-04T00:00:00.000000000
    DateEndActuals=2018-03-25T00:00:00.000000000
    Freq=W-SUN
    N_actuals=169
    N_series=2
    SeriesNames=['volume', 'price']
    ForecastLength=13
    Xvars=['t', 'weeksin', 'weekcos']
    TestLength=25
    ValidationLength=1
    ValidationMetric=rmse
    ForecastsEvaluated=[]
    CILevel=0.95
    CurrentEstimator=mlr
    OptimizeOn=volume
    GridsFile=MVGrids
)








Run Models


	Uses scikit-learn models and APIs only.


	See the adapted VECM model [https://scalecast.readthedocs.io/en/latest/Forecaster/Auxmodels.html#vecm] for this object.





ElasticNet


[52]:





mvf.set_estimator('elasticnet')
mvf.manual_forecast(alpha=0.2,dynamic_testing=13,lags=13)









XGBoost


[53]:





mvf.set_estimator('xgboost')
mvf.manual_forecast(gamma=1,dynamic_testing=13,lags=13)









MLP Stack


	auxmodels.mlp_stack [https://scalecast.readthedocs.io/en/latest/Forecaster/Auxmodels.html#module-src.scalecast.auxmodels.mlp_stack]





[54]:





from scalecast.auxmodels import mlp_stack








[55]:





mvf.export('model_summaries')








[55]:
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Anomaly Detection

The issue with anomaly detection in time series is that an anomaly is not always well-defined. This notebook introduces several techniques native to scalecast that can be used to identify anomalies, but it is ultimately up to the user to determine what is and isn’t actually an anomaly.


[1]:





import pandas as pd
import pandas_datareader as pdr
import matplotlib.pyplot as plt
import seaborn as sns
from scipy import stats
from scalecast.Forecaster import Forecaster
from scalecast.AnomalyDetector import AnomalyDetector
from scalecast.SeriesTransformer import SeriesTransformer








[2]:





sns.set(rc={'figure.figsize':(12,8)})








[3]:





df = pdr.get_data_fred(
    'HOUSTNSA',
    start='1959-01-01',
    end='2022-05-01',
).reset_index()








[4]:





f = Forecaster(
    y=df['HOUSTNSA'],
    current_dates=df['DATE']
)

f.plot()
plt.title('Original Series',size=16)
plt.show()
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Naive Detect

This algorithm functions by decomposing a given series into a trend, seasonal, and residual part testing the residuals’ distance from the mean to identify anomalies. It is computationally cheap, but if the series isn’t well-explained by the decomposition process, or the residual is not independent and/or not normal, this can be a poor way to identify anomalies.


[5]:





detector1 = AnomalyDetector(f)








[6]:





f.seasonal_decompose(extrapolate_trend='freq').plot()
plt.suptitle('Additive Seasonal Decomp',size=20)
plt.show()
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[7]:





f.seasonal_decompose(
    model='multiplicative',
    extrapolate_trend='freq'
).plot()
plt.suptitle('Multiplicative Seasonal Decomp',size=20)
plt.show()
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The key parameters in the function below include the type of decomposition (additive or multiplicative), as well as the confidence level. The higher the confidence level, the fewer anomalies will be detected. The type of decomposition should conform with whichever one creates the most ideal residuals (should be normally abnd randomly distributed, independent, and homoskedastic).


[8]:





detector1.NaiveDetect(
    extrapolate_trend='freq',
    model='multiplicative',
    cilevel=.99,
)
detector1.plot_anom(label=True)
plt.show()
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This method identified many anomalies and perhaps isn’t the best method for this series, which exhibits irregular cycles and trends.



Monte Carlo Detect

This is a Monte Carlo simulated method that produces possible future paths for the data over some time span and uses a confidence interval to evaluate what percent of the time the actual data fell above or below the simulated paths. To make this method work properly, we should transform the distribution so that we can make it as stationary and normally distributed as possible. Therefore, extra care will be taken to prepare the data before applying the method.

To get started, we can transform the dataset so that a log transformation is taken to normalize some of the skew in the dataset, then a seasonal difference of 12 months is applied on the data, then the first difference of the resulting series is applied.


[9]:





f_transform = f.copy()

transformer = SeriesTransformer(f_transform)

f_transform = transformer.LogTransform()     # log transform
f_transform = transformer.DiffTransform(12)  # seasonally adjust
f_transform = transformer.DiffTransform(1)   # first difference

detector2 = AnomalyDetector(f_transform)







All of these transformations, as well as any models run after the transformations were called, are revertible by calling their reversion counterpart methods in revserse order, demonstrated (by not applied) by the code below:

# how to revert all transformations
f_transform = transformer.DiffRevert(1)
f_transform = transformer.DiffRevert(12)
f_transform = transformer.LogRevert()





Now, we can see the resulting series:


[10]:





f_transform.plot()
plt.show()
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Call a histogram to make sure it looks normal:


[11]:





sns.histplot(f_transform.y)
plt.show()
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Call a statistical test to ensure its normality:


[12]:





critical_pval = 0.05
print('-'*100)
k2, p = stats.normaltest(f_transform.y.values)
print("D'Agostino and Pearson's test result for normality:")
print('the test-stat value is: {:.2f}'.format(k2))
print('the p-value is {:.4f}'.format(p))
print('the series is {}'.format('not normal' if p < critical_pval else 'normal'))
print('-'*100)













----------------------------------------------------------------------------------------------------
D'Agostino and Pearson's test result for normality:
the test-stat value is: 4.55
the p-value is 0.1028
the series is normal
----------------------------------------------------------------------------------------------------






Call a statistical test to ensure its stationarity:


[13]:





print('-'*100)
print('Augmented Dickey-Fuller results:')
stat, pval, _, _, _, _ = f_transform.adf_test(full_res=True,maxlag=12)
print('the test-stat value is: {:.2f}'.format(stat))
print('the p-value is {:.4f}'.format(pval))
print('the series is {}'.format('stationary' if pval < critical_pval else 'not stationary'))
print('-'*100)













----------------------------------------------------------------------------------------------------
Augmented Dickey-Fuller results:
the test-stat value is: -11.72
the p-value is 0.0000
the series is stationary
----------------------------------------------------------------------------------------------------






Now, we can check out its periodogram to make sure no further adjustments are needed to the data:


[14]:





a, b = f_transform.plot_periodogram()
plt.semilogy(a, b)
plt.show()
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This shows that there may be some cycles within the data that show stronger effects than other cycles, but for the most part, the periodogram is pretty stable. We can say that the transformations we took work for our purposes.

Now we can call the method and plot the results:


[15]:





detector2.MonteCarloDetect(
    start_at = '2012-05-01',
    stop_at = '2022-05-01',
    cilevel=.99,
)

detector2.plot_mc_results()
plt.title('Monte Carlo Detection Results',size=16)
plt.show()
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The blue line is the series’ actual values and the colored lines are the results of each of 100 monte carlo simulations applied on the last 10 years of data available in the set. The few points that clearly stick above or below all colored lines will most likely be labeled as anomalies.


[16]:





detector2.plot_anom()
plt.show()
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We see three points identified: - Oct. 2016

- April 2020 (first month of the COVID pandemic)

- March 2021



We can plot those points back onto our original series:


[17]:





_, ax = plt.subplots()

df.iloc[-120:,:].plot(x='DATE',y='HOUSTNSA',ax=ax)

for i,v in zip(detector2.labeled_anom.index,detector2.labeled_anom):
    if v == 1:
        ax.axvline(i,linestyle='--',color='red',alpha=.5)
        ax.text(
            i+pd.Timedelta(days=2),
            60,
            s=i.strftime('%Y-%m-%d'),
            color='red',
            size=11
        )

plt.show()
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Let’s dig into these three points a little more closely.


[18]:





df2 = df.copy()
df2['year'] = df2.reset_index().DATE.dt.year
df2['month'] = df2.reset_index().DATE.dt.month
df2['pct_chg'] = df2['HOUSTNSA'].pct_change()








[19]:





avg_chg_month = df2.groupby('month')['pct_chg'].mean().reset_index()
avg_chg_month['pct_chg_std'] = df2.groupby('month')['pct_chg'].std().values
avg_chg_month['pct_chg_2016'] = df2.loc[df2['year'] == 2016,'pct_chg'].values
avg_chg_month['pct_chg_2020'] = df2.loc[df2['year'] == 2020,'pct_chg'].values
avg_chg_month['pct_chg_2021'] = df2.loc[df2['year'] == 2021,'pct_chg'].values

def highlight_rows(row):

    lightgreen = 'background-color: lightgreen;'
    highlight = 'background-color: lightcoral;'
    default = ''

    if row['month'] == 3:
        return [default,lightgreen,lightgreen,default,default,highlight]
    elif row['month'] == 4:
        return [default,lightgreen,lightgreen,default,highlight,default]
    elif row['month'] == 10:
        return [default,lightgreen,lightgreen,highlight,default,default]
    else:
        return [default,lightgreen,lightgreen,default,default,default]

avg_chg_month.style.apply(
    highlight_rows,
    axis=1
).format(
    {var:'{:.1%}'.format for var in avg_chg_month.iloc[:,1:]}
)








[19]:
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ARIMA

An introduction to ARIMA forecasting with scalecast.


	data: https://www.kaggle.com/datasets/rakannimer/air-passengers


	blog post: https://towardsdatascience.com/forecast-with-arima-in-python-more-easily-with-scalecast-35125fc7dc2e





[1]:





import pandas as pd
import numpy as np
from scalecast.Forecaster import Forecaster
from scalecast.auxmodels import auto_arima
import matplotlib.pyplot as plt
import seaborn as sns
import warnings








[2]:





df = pd.read_csv('AirPassengers.csv')
f = Forecaster(
    y=df['#Passengers'],
    current_dates=df['Month'],
    future_dates = 12,
    test_length = .2,
    cis = True,
)
f








[2]:







Forecaster(
    DateStartActuals=1949-01-01T00:00:00.000000000
    DateEndActuals=1960-12-01T00:00:00.000000000
    Freq=MS
    N_actuals=144
    ForecastLength=12
    Xvars=[]
    TestLength=28
    ValidationMetric=rmse
    ForecastsEvaluated=[]
    CILevel=0.95
    CurrentEstimator=mlr
    GridsFile=Grids
)







Naive Simple Approach


	this is not meant to be a demonstration of a model that is expected to be accurate


	it is meant to show the mechanics of using scalecast





[3]:





f.set_estimator('arima')
f.manual_forecast(call_me='arima1')








[4]:





f.plot_test_set(ci=True)
plt.title('ARIMA Test-Set Performance',size=14)
plt.show()












[image: ../_images/arima_arima_5_0.png]





[5]:





f.plot(ci=True)
plt.title('ARIMA Forecast Performance',size=14)
plt.show()












[image: ../_images/arima_arima_6_0.png]






Human Interpretation Iterative Approach


	this is a non-automated approach to ARIMA forecasting where model specification depends on human-interpretation of statistical results and charts





[6]:





figs, axs = plt.subplots(2, 1,figsize=(6,6))
f.plot_acf(ax=axs[0],title='ACF',lags=24)
f.plot_pacf(ax=axs[1],title='PACF',lags=24)
plt.show()













/Users/uger7/opt/anaconda3/envs/scalecast-env/lib/python3.8/site-packages/statsmodels/graphics/tsaplots.py:348: FutureWarning: The default method 'yw' can produce PACF values outside of the [-1,1] interval. After 0.13, the default will change tounadjusted Yule-Walker ('ywm'). You can use this method now by setting method='ywm'.
  warnings.warn(
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[7]:





plt.rc("figure",figsize=(8,4))
f.seasonal_decompose().plot()
plt.show()












[image: ../_images/arima_arima_9_0.png]





[8]:





stat, pval, _, _, _, _ = f.adf_test(full_res=True)
print(stat)
print(pval)













0.8153688792060442
0.9918802434376409







[9]:





f.manual_forecast(order=(1,1,1),seasonal_order=(2,1,1,12),call_me='arima2')








[10]:





f.plot_test_set(ci=True,models='arima2')
plt.title('ARIMA Test-Set Performance',size=14)
plt.show()
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[11]:





f.plot(ci=True,models='arima2')
plt.title('ARIMA Forecast Performance',size=14)
plt.show()












[image: ../_images/arima_arima_13_0.png]





[12]:





f.regr.summary()








[12]:







SARIMAX Results

  	Dep. Variable:                 	y              	  No. Observations:      	144



  	Model:           	ARIMA(1, 1, 1)x(2, 1, 1, 12) 	  Log Likelihood      	-501.929



  	Date:                  	Mon, 10 Apr 2023       	  AIC                 	1015.858



  	Time:                      	18:47:23           	  BIC                 	1033.109



  	Sample:                        	0              	  HQIC                	1022.868



  	                            	 - 144            	                          	 



  	Covariance Type:              	opg             	                          	 






      	        	coef     	std err      	z      	P>|z|  	[0.025    	0.975]



  	ar.L1    	   -0.0731 	    0.273 	   -0.268 	 0.789 	   -0.608 	    0.462



  	ma.L1    	   -0.3572 	    0.249 	   -1.436 	 0.151 	   -0.845 	    0.130



  	ar.S.L12 	    0.6673 	    0.160 	    4.182 	 0.000 	    0.355 	    0.980



  	ar.S.L24 	    0.3308 	    0.099 	    3.341 	 0.001 	    0.137 	    0.525



  	ma.S.L12 	   -0.9711 	    1.086 	   -0.895 	 0.371 	   -3.099 	    1.157



  	sigma2   	  111.1028 	   98.277 	    1.131 	 0.258 	  -81.517 	  303.722






  	Ljung-Box (L1) (Q):     	0.00 	  Jarque-Bera (JB):   	7.72



  	Prob(Q):                	0.99 	  Prob(JB):           	0.02



  	Heteroskedasticity (H): 	2.77 	  Skew:               	0.08



  	Prob(H) (two-sided):    	0.00 	  Kurtosis:           	4.18





Warnings:
[1] Covariance matrix calculated using the outer product of gradients (complex-step).





Auto-ARIMA Approach

pip install pmdarima


[13]:





auto_arima(
    f,
    m=12,
    call_me='arima3',
)








[14]:





f.plot_test_set(ci=True,models='arima3')
plt.title('ARIMA Test-Set Performance',size=14)
plt.show()
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[15]:





f.plot(ci=True,models='arima3')
plt.title('ARIMA Forecast Performance',size=14)
plt.show()












[image: ../_images/arima_arima_18_0.png]





[16]:





f.regr.summary()








[16]:







SARIMAX Results

  	Dep. Variable:                 	y               	  No. Observations:      	144



  	Model:           	ARIMA(2, 1, 1)x(0, 1, [], 12) 	  Log Likelihood      	-504.923



  	Date:                  	Mon, 10 Apr 2023        	  AIC                 	1017.847



  	Time:                      	18:47:55            	  BIC                 	1029.348



  	Sample:                        	0               	  HQIC                	1022.520



  	                            	 - 144             	                          	 



  	Covariance Type:              	opg              	                          	 






     	       	coef     	std err      	z      	P>|z|  	[0.025    	0.975]



  	ar.L1  	    0.5960 	    0.085 	    6.986 	 0.000 	    0.429 	    0.763



  	ar.L2  	    0.2143 	    0.091 	    2.343 	 0.019 	    0.035 	    0.394



  	ma.L1  	   -0.9819 	    0.038 	  -25.599 	 0.000 	   -1.057 	   -0.907



  	sigma2 	  129.3177 	   14.557 	    8.883 	 0.000 	  100.786 	  157.850






  	Ljung-Box (L1) (Q):     	0.00 	  Jarque-Bera (JB):   	7.68



  	Prob(Q):                	0.98 	  Prob(JB):           	0.02



  	Heteroskedasticity (H): 	2.33 	  Skew:               	-0.01



  	Prob(H) (two-sided):    	0.01 	  Kurtosis:           	4.19





Warnings:
[1] Covariance matrix calculated using the outer product of gradients (complex-step).





Grid Search Approach


[17]:





f.set_validation_length(12)
grid = {
    'order':[
        (1,1,1),
        (1,1,0),
        (0,1,1),
    ],
    'seasonal_order':[
        (2,1,1,12),
        (1,1,1,12),
        (2,1,0,12),
        (0,1,0,12),
    ],
}

f.ingest_grid(grid)
f.tune()
f.auto_forecast(call_me='arima4')








[18]:





f.plot_test_set(ci=True,models='arima4')
plt.title('ARIMA Test-Set Performance',size=14)
plt.show()
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[19]:





f.plot(ci=True,models='arima4')
plt.title('ARIMA Forecast Performance',size=14)
plt.show()












[image: ../_images/arima_arima_23_0.png]





[20]:





f.regr.summary()








[20]:







SARIMAX Results

  	Dep. Variable:                 	y               	  No. Observations:      	144



  	Model:           	ARIMA(0, 1, 1)x(0, 1, [], 12) 	  Log Likelihood      	-508.319



  	Date:                  	Mon, 10 Apr 2023        	  AIC                 	1020.639



  	Time:                      	18:50:43            	  BIC                 	1026.389



  	Sample:                        	0               	  HQIC                	1022.975



  	                            	 - 144             	                          	 



  	Covariance Type:              	opg              	                          	 






     	       	coef     	std err      	z      	P>|z|  	[0.025    	0.975]



  	ma.L1  	   -0.3184 	    0.063 	   -5.038 	 0.000 	   -0.442 	   -0.195



  	sigma2 	  137.2653 	   15.024 	    9.136 	 0.000 	  107.818 	  166.713






  	Ljung-Box (L1) (Q):     	0.00 	  Jarque-Bera (JB):   	5.46



  	Prob(Q):                	0.95 	  Prob(JB):           	0.07



  	Heteroskedasticity (H): 	2.37 	  Skew:               	0.02



  	Prob(H) (two-sided):    	0.01 	  Kurtosis:           	4.00





Warnings:
[1] Covariance matrix calculated using the outer product of gradients (complex-step).





Export Results


[21]:





pd.options.display.max_colwidth = 100
results = f.export(to_excel=True,excel_name='arima_results.xlsx',determine_best_by='TestSetMAPE')
summaries = results['model_summaries']
summaries[['ModelNickname','HyperParams','InSampleMAPE','TestSetMAPE']]








[21]:
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Auto Feature Selection


	What model combinations can be used to find the ideal features to model a time series with and also to make the best forecasts?


	See Auto Model Specification with ML Techniques for Time Series [https://towardsdatascience.com/auto-model-specification-with-ml-techniques-for-time-series-e7b9a90ae9d7]





[1]:





import pandas as pd
import numpy as np
from scalecast.Forecaster import Forecaster
from scalecast.util import metrics
import matplotlib.pyplot as plt
import seaborn as sns
from tqdm.notebook import tqdm







Diagram to demonstrate the auto_Xvar_select() [https://scalecast.readthedocs.io/en/latest/Forecaster/Forecaster.html#src.scalecast.Forecaster.Forecaster.auto_Xvar_select] method:

[image: image0]


Use 50 Random Series from M4 Hourly


[2]:





models = (
    'mlr',
    'elasticnet',
    'gbt',
    'knn',
    'svr',
    'mlp',
)

Hourly = pd.read_csv(
    'Hourly-train.csv',
    index_col=0,
).sample(50)

Hourly_test = pd.read_csv(
    'Hourly-test.csv',
    index_col=0,
)
Hourly_test = Hourly_test.loc[Hourly.index]

info = pd.read_csv(
    'M4-info.csv',
    index_col=0,
    parse_dates=['StartingDate'],
    dayfirst=True,
)

results = pd.DataFrame(
    index = models,
    columns = models,
).fillna(0)









Run all Model Combos and Evaluate SMAPE


[3]:





for i in tqdm(Hourly.index):
    y = Hourly.loc[i].dropna()
    sd = info.loc[i,'StartingDate']
    fcst_horizon = info.loc[i,'Horizon']
    cd = pd.date_range(
        start = sd,
        freq = 'H',
        periods = len(y),
    )
    f = Forecaster(
        y = y,
        current_dates = cd,
        future_dates = fcst_horizon,
        test_length = fcst_horizon, # for finding xvars
    )
    # extension of this analysis - take transformations
    for xvm in models:
        for fcstm in models:
            f2 = f.deepcopy()
            f2.auto_Xvar_select(
                estimator = xvm,
                monitor='TestSetRMSE',
                max_ar = 48,
                exclude_seasonalities = ['quarter','month','week','day'],
            )
            f2.set_estimator(fcstm)
            f2.manual_forecast(dynamic_testing=False)
            point_fcst = f2.export('lvl_fcsts')[fcstm]
            results.loc[xvm,fcstm] += metrics.smape(
                Hourly_test.loc[i].dropna().values,
                point_fcst.values,
            )



















View Results


SMAPE Combos


[4]:





results = results / 50
results








[4]:








  
    
    

    Backtested Dynamic Confidence Intervals
    

    
 
  

    
      
          
            
  


Backtested Dynamic Confidence Intervals

This notebook demonstrates how to create an expanding confidence interval using conformal intervals and backtesting. It expands what is demonstrated in the Confidence Intervals Notebook [https://scalecast-examples.readthedocs.io/en/latest/misc/cis/cis.html]. Requires scalecast>=0.18.1.

We overwrite the static naive intervals produced by scalecast by default with dynamic expanding intervals obtained from backtesting.

See the article [https://towardsdatascience.com/dynamic-conformal-intervals-for-any-time-series-model-d1638aa48527].


[1]:





import pandas as pd
import numpy as np
from scalecast.Forecaster import Forecaster
from scalecast.util import (
    metrics,
    backtest_metrics,
    backtest_for_resid_matrix,
    get_backtest_resid_matrix,
    overwrite_forecast_intervals,
)
from scalecast.Pipeline import Pipeline, Transformer, Reverter
import pandas_datareader as pdr
import matplotlib.pyplot as plt
import seaborn as sns
import time








[2]:





val_len = 24
fcst_len = 24








	Link to data: https://fred.stlouisfed.org/series/HOUSTNSA





[3]:





housing = pdr.get_data_fred('HOUSTNSA',start='1900-01-01',end='2021-06-01')
housing.head()








[3]:
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Combo Modeling

An introduction to the native ensemble/combo model in scalecast.


[1]:





import pandas as pd
import pandas_datareader as pdr
import matplotlib
import matplotlib.pyplot as plt
import seaborn as sns
from dateutil.relativedelta import relativedelta
from scalecast.Forecaster import Forecaster
from scalecast.SeriesTransformer import SeriesTransformer
from scalecast.Pipeline import Transformer, Reverter
from scalecast import GridGenerator







Download data from FRED (https://fred.stlouisfed.org/series/HOUSTNSA). This data is interesting due to its strong seasonality and irregular cycles. It measures monthly housing starts in the USA since 1959. Predicting this metric with some series that measures demand for houses could be an interesting extension to be able to explain housing prices. It is a common example series that scalecast uses.


[2]:





GridGenerator.get_example_grids(overwrite=True)
df = pdr.get_data_fred('HOUSTNSA',start='1900-01-01',end='2022-12-31')
f = Forecaster(
    y=df['HOUSTNSA'],
    current_dates=df.index,
    future_dates = 24,
    test_length = .1,
)
f








[2]:







Forecaster(
    DateStartActuals=1959-01-01T00:00:00.000000000
    DateEndActuals=2022-12-01T00:00:00.000000000
    Freq=MS
    N_actuals=768
    ForecastLength=24
    Xvars=[]
    TestLength=76
    ValidationMetric=rmse
    ForecastsEvaluated=[]
    CILevel=None
    CurrentEstimator=mlr
    GridsFile=Grids
)







Preprocess Data


	Difference, seasonal difference, and scale the data.


	Create the object that will revert these transformations.





[3]:





# create transformations to model stationary data
transformer = Transformer(
    transformers = [
        ('DiffTransform',1),
        ('DiffTransform',12),
        ('MinMaxTransform',),
    ]
)

reverter = Reverter(
    reverters = [
        ('MinMaxRevert',),
        ('DiffRevert',12),
        ('DiffRevert',1)
    ],
    base_transformer = transformer,
)

reverter








[3]:







Reverter(
  reverters = [
    ('MinMaxRevert',),
    ('DiffRevert', 12),
    ('DiffRevert', 1)
  ],
  base_transformer = Transformer(
  transformers = [
    ('DiffTransform', 1),
    ('DiffTransform', 12),
    ('MinMaxTransform',)
  ]
)
)







[4]:





# transform the series by calling the Transformer.fit_transform() method
f = transformer.fit_transform(f)








[5]:





# plot the results
f.plot();












[image: ../_images/combo_combo_7_0.png]





[6]:





# add regressors
f.add_ar_terms(24)
f








[6]:







Forecaster(
    DateStartActuals=1960-02-01T00:00:00.000000000
    DateEndActuals=2022-12-01T00:00:00.000000000
    Freq=MS
    N_actuals=755
    ForecastLength=24
    Xvars=['AR1', 'AR2', 'AR3', 'AR4', 'AR5', 'AR6', 'AR7', 'AR8', 'AR9', 'AR10', 'AR11', 'AR12', 'AR13', 'AR14', 'AR15', 'AR16', 'AR17', 'AR18', 'AR19', 'AR20', 'AR21', 'AR22', 'AR23', 'AR24']
    TestLength=76
    ValidationMetric=rmse
    ForecastsEvaluated=[]
    CILevel=None
    CurrentEstimator=mlr
    GridsFile=Grids
)








Evaluate Forecasting models


[7]:





# evaluate some models
f.tune_test_forecast(
    [
        'elasticnet',
        'lasso',
        'ridge',
        'gbt',
        'lightgbm',
        'xgboost',
    ],
    dynamic_testing = 24,
    limit_grid_size = .2,
)













Finished loading model, total used 150 iterations
Finished loading model, total used 150 iterations
Finished loading model, total used 150 iterations








Combine Evaluated Models


	Below, we see several combination options that scalecast offers. These are just examples and not meant to try to find the absolute best combination for the data.





[8]:





f.set_estimator('combo')
# simple average of all models
f.manual_forecast(call_me = 'avg_all')
# weighted average of all models where the weights are determined from validation (not test) performance
f.manual_forecast(
    how = 'weighted',
    determine_best_by = 'ValidationMetricValue',
    call_me = 'weighted_avg_all',
)
# simple average of a select set of models
f.manual_forecast(models = ['xgboost','gbt','lightgbm'],call_me = 'avg_trees')
# weighted average of a select set of models where the weights are determined from validation (not test) performance
f.manual_forecast(models = ['elasticnet','lasso','ridge'],call_me = 'avg_lms')
# weighted average of a select set of models where the weights are manually passed
# weights do not have to add to 1 and they will be rebalanced to do so
f.manual_forecast(
    how = 'weighted',
    models = ['xgboost','elasticnet','lightgbm'],
    weights = (3,2,1),
    determine_best_by = None,
    call_me = 'weighted_avg_manual',
)
# splice (not many other libraries do this) - splice the future point forecasts of two or more models together
f.manual_forecast(
    how='splice',
    models = ['elasticnet','lightgbm'],
    splice_points = ['2023-01-01'],
    call_me = 'splice',
)








[9]:





# plot the forecasts at the series' transformed level
f.plot();












[image: ../_images/combo_combo_13_0.png]





[10]:





# revert the transformation
f = reverter.fit_transform(f)








[11]:





# plot the forecasts at the series' original level
f.plot();












[image: ../_images/combo_combo_15_0.png]





[12]:





# view performance on test set
f.plot_test_set(models = 'top_3',order_by = 'TestSetRMSE',include_train = False);












[image: ../_images/combo_combo_16_0.png]
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Confidence Intervals

This notebook overviews scalecast intervals, which are scored with Mean Scaled Interval Score (MSIS) [https://scalecast.readthedocs.io/en/latest/Forecaster/Util.html#src.scalecast.util.metrics.msis]. Lower scores are better. This notebook requires scalecast>=0.18.0.

Scalecast uses a naive conformal interval, created from holding out a test-set of data and setting interval ranges from the percentiles of the test-set residuals. This simple approach allows every estimator type to get the same kind of interval. As we will see by scoring the intervals and comparing them to ARIMA intervals from statsmodels, the results are good.

To evaluate the intervals, we leave out a section of each series to score out-of-sample. This is usually not necessary for scalecast, as all models are tested automatically, but the confidence intervals can overfit on any test set stored in the Forecaster or MVForecaster object due to leakage that occurs when constructing these intervals. Scalecast intervals are compared to ARIMA intervals on the same series in the last section of this notebook and the scalecast intervals, on the whole,
perform better. The series used in this example are ordered from easiest-to-hardest to forecast.

Easy Distribution-Free Conformal Intervals for Time Series [https://medium.com/towards-data-science/easy-distribution-free-conformal-intervals-for-time-series-665137e4d907]


Sections:

Daily Website Visitors

Housing Starts

Avocado Sales

All Aggregated Results

Benchmark Against StatsModels ARIMA




[1]:





import pandas as pd
import numpy as np
from scalecast.Forecaster import Forecaster
from scalecast import GridGenerator
from scalecast.util import metrics
from scalecast.notebook import tune_test_forecast
from scalecast.SeriesTransformer import SeriesTransformer
import matplotlib.pyplot as plt
import seaborn as sns
import time
from tqdm.notebook import tqdm








[2]:





import warnings
warnings.simplefilter(action='ignore', category=DeprecationWarning)








[3]:





models = (
    'mlr',
    'elasticnet',
    'ridge',
    'knn',
    'xgboost',
    'lightgbm',
    'gbt',
) # these are all scikit-learn models or APIs
# this will be used later to fill in results
results_template = pd.DataFrame(index=models)








[4]:





def score_cis(results, fcsts, ci_name, actuals, obs, val_len, models=models, m_=1):
    for m in models:
        results.loc[m,ci_name] = metrics.msis(
            a = actuals,
            uf = fcsts[m+'_upperci'],
            lf = fcsts[m+'_lowerci'],
            obs = obs,
            m = m_,
        )
    return results








[5]:





GridGenerator.get_example_grids()








Daily Website Visitors


	Link to data: https://www.kaggle.com/datasets/bobnau/daily-website-visitors


	We will use a length of 180 observations (about half a year) both to tune and test the models


	We want to optimize the forecasts and confidence intervals for a 60-day forecast horizon





[6]:





val_len = 180
fcst_len = 60








[7]:





data = pd.read_csv('daily-website-visitors.csv',parse_dates=['Date']).set_index('Date')
data.head()








[7]:
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Feature Reduction

This notebook demonstrates how to use various feature selection methods using scalecast. The idea behind this example is to reduce the variables stored in the Forecaster object to an optimal subset after adding many potentially helpful features to the object.


	Link to data [https://www.kaggle.com/robervalt/sunspots]


	See the blog post [https://medium.com/towards-data-science/variable-reduction-techniques-for-time-series-646743f726d4]


	Function documentation link [https://scalecast.readthedocs.io/en/latest/Forecaster/Forecaster.html#src.scalecast.Forecaster.Forecaster.reduce_Xvars]




[image: image0]


[1]:





import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
import seaborn as sns
from scalecast.Forecaster import Forecaster
from scalecast.util import plot_reduction_errors








[2]:





sns.set(rc={"figure.figsize": (12, 8)})








[3]:





def prepare_fcst(f, test_length=120, fcst_length=120, validation_length=120):
    """ adds all variables and sets the test length/forecast length in the object

    Args:
        f (Forecaster): the Forecaster object.
        test_length (int or float): the test length as a size or proportion.
        fcst_length (int): the forecast horizon.

    Returns:
        (Forecaster) the processed object.
    """
    f.generate_future_dates(fcst_length)
    f.set_test_length(test_length)
    f.set_validation_length(validation_length)
    f.add_seasonal_regressors("month", "quarter", raw=False, sincos=True)
    f.set_validation_metric("mae")
    for i in np.arange(12, 289, 12):  # 12-month cycles from 12 to 288 months
        f.add_cycle(i)
    f.add_ar_terms(120)  # AR 1-120
    f.add_AR_terms((20, 12))  # seasonal AR up to 20 years, spaced one year apart
    f.add_time_trend()
    f.add_seasonal_regressors("year")
    return f


def export_results(f):
    """ returns a dataframe with all model results given a Forecaster object.

    Args:
        f (Forecaster): the Forecaster object.

    Returns:
        (DataFrame) the dataframe with the pertinent results.
    """
    results = f.export("model_summaries", determine_best_by="TestSetMAE")
    results["N_Xvars"] = results["Xvars"].apply(lambda x: len(x))
    return results[
        [
            "ModelNickname",
            "TestSetMAE",
            "InSampleMAE",
            "TestSetR2",
            "InSampleR2",
            "DynamicallyTested",
            "N_Xvars",
        ]
    ]








Load Forecaster Object


	we choose 120 periods (10 years) for all validation and forecasting


	10 years of observervations to tune model hyperparameters, 10 years to test, and a forecast horizon of 10 years





[4]:





df = pd.read_csv("Sunspots.csv", index_col=0, names=["Date", "Target"], header=0)
f = Forecaster(y=df["Target"], current_dates=df["Date"])
prepare_fcst(f)








[4]:







Forecaster(
    DateStartActuals=1749-01-31T00:00:00.000000000
    DateEndActuals=2021-01-31T00:00:00.000000000
    Freq=M
    N_actuals=3265
    ForecastLength=120
    Xvars=['monthsin', 'monthcos', 'quartersin', 'quartercos', 'cycle12sin', 'cycle12cos', 'cycle24sin', 'cycle24cos', 'cycle36sin', 'cycle36cos', 'cycle48sin', 'cycle48cos', 'cycle60sin', 'cycle60cos', 'cycle72sin', 'cycle72cos', 'cycle84sin', 'cycle84cos', 'cycle96sin', 'cycle96cos', 'cycle108sin', 'cycle108cos', 'cycle120sin', 'cycle120cos', 'cycle132sin', 'cycle132cos', 'cycle144sin', 'cycle144cos', 'cycle156sin', 'cycle156cos', 'cycle168sin', 'cycle168cos', 'cycle180sin', 'cycle180cos', 'cycle192sin', 'cycle192cos', 'cycle204sin', 'cycle204cos', 'cycle216sin', 'cycle216cos', 'cycle228sin', 'cycle228cos', 'cycle240sin', 'cycle240cos', 'cycle252sin', 'cycle252cos', 'cycle264sin', 'cycle264cos', 'cycle276sin', 'cycle276cos', 'cycle288sin', 'cycle288cos', 'AR1', 'AR2', 'AR3', 'AR4', 'AR5', 'AR6', 'AR7', 'AR8', 'AR9', 'AR10', 'AR11', 'AR12', 'AR13', 'AR14', 'AR15', 'AR16', 'AR17', 'AR18', 'AR19', 'AR20', 'AR21', 'AR22', 'AR23', 'AR24', 'AR25', 'AR26', 'AR27', 'AR28', 'AR29', 'AR30', 'AR31', 'AR32', 'AR33', 'AR34', 'AR35', 'AR36', 'AR37', 'AR38', 'AR39', 'AR40', 'AR41', 'AR42', 'AR43', 'AR44', 'AR45', 'AR46', 'AR47', 'AR48', 'AR49', 'AR50', 'AR51', 'AR52', 'AR53', 'AR54', 'AR55', 'AR56', 'AR57', 'AR58', 'AR59', 'AR60', 'AR61', 'AR62', 'AR63', 'AR64', 'AR65', 'AR66', 'AR67', 'AR68', 'AR69', 'AR70', 'AR71', 'AR72', 'AR73', 'AR74', 'AR75', 'AR76', 'AR77', 'AR78', 'AR79', 'AR80', 'AR81', 'AR82', 'AR83', 'AR84', 'AR85', 'AR86', 'AR87', 'AR88', 'AR89', 'AR90', 'AR91', 'AR92', 'AR93', 'AR94', 'AR95', 'AR96', 'AR97', 'AR98', 'AR99', 'AR100', 'AR101', 'AR102', 'AR103', 'AR104', 'AR105', 'AR106', 'AR107', 'AR108', 'AR109', 'AR110', 'AR111', 'AR112', 'AR113', 'AR114', 'AR115', 'AR116', 'AR117', 'AR118', 'AR119', 'AR120', 'AR132', 'AR144', 'AR156', 'AR168', 'AR180', 'AR192', 'AR204', 'AR216', 'AR228', 'AR240', 't', 'year']
    TestLength=120
    ValidationMetric=mae
    ForecastsEvaluated=[]
    CILevel=None
    CurrentEstimator=mlr
    GridsFile=Grids
)







[5]:





print("starting out with {} variables".format(len(f.get_regressor_names())))













starting out with 184 variables








Reducing with L1 Regularization


	L1 regularization reduces out least important variables using a lasso model


	Not computationally expensive


	overwrite=False is used to not replace variables currently in the Forecaster object





[6]:





f.reduce_Xvars(overwrite=False, dynamic_testing=False)








[7]:





lasso_reduced_vars = f.reduced_Xvars[:]
print(f"lasso reduced to {len(lasso_reduced_vars)} variables")













lasso reduced to 59 variables







[8]:





print(*lasso_reduced_vars, sep="\n")













monthcos
quartersin
cycle12cos
cycle24sin
cycle24cos
cycle36cos
cycle48cos
cycle60sin
cycle60cos
cycle72sin
cycle84sin
cycle84cos
cycle96sin
cycle96cos
cycle108sin
cycle108cos
cycle120sin
cycle120cos
cycle132sin
cycle132cos
cycle144sin
cycle156sin
cycle168cos
cycle180sin
cycle192cos
cycle204sin
cycle216sin
cycle216cos
cycle228sin
cycle252sin
cycle252cos
cycle264cos
cycle288sin
cycle288cos
AR1
AR2
AR3
AR4
AR5
AR6
AR8
AR9
AR10
AR11
AR18
AR21
AR27
AR28
AR29
AR34
AR35
AR92
AR102
AR108
AR111
AR113
AR116
AR117
AR216








Reducing with Permutation Feature Importance


	uses the ELI5 package [https://github.com/eli5-org/eli5] to score feature importances


	eliminates the least-scoring variable (with some scalecast adjustment to account for collinearity), re-trains the model, and evaluates the new error


	by default, the Xvars that return the best error score (according to any metric you want to monitor) is chosen as the optimal set of variables


	to save computation resources, not every variable combination is tried (unlike other reduction techniques)


	to save computation resources, we can set dynamic_testing = False and we can set a mininum number of variables to use (the square root of the total number of observations is chosen in this example)


	we can use any sklearn model to reduce variables using this method and we select MLR, KNN, GBT, and SVR in this example





[9]:





f.reduce_Xvars(
    method="pfi",
    estimator="mlr",
    keep_at_least="sqrt",
    grid_search=False,
    normalizer="minmax",
    overwrite=False,
)













2023-04-11 12:03:53.245099: I tensorflow/core/platform/cpu_feature_guard.cc:193] This TensorFlow binary is optimized with oneAPI Deep Neural Network Library (oneDNN) to use the following CPU instructions in performance-critical operations:  SSE4.1 SSE4.2
To enable them in other operations, rebuild TensorFlow with the appropriate compiler flags.







[10]:





mlr_reduced_vars = f.reduced_Xvars[:]
print(f"mlr with pfi reduced to {len(mlr_reduced_vars)} variables")













mlr with pfi reduced to 166 variables







[11]:





plot_reduction_errors(f)
plt.show()












[image: ../../_images/misc_feature-selection_feature_selection_14_0.png]




The above graph shows that the MLR performs best when about 50 variables are reduced, according to the MAE on the validation set. The order the variables were dropped was based on permutation feature importance. Clearly, too many variables had been added initially and reducing them out made a significant positive difference to the model’s performance. Note, the error metric monitored is not from the test set, but from a different out-of-sample slice of data. Later models use the test set to
validate the decisions that were made while monitoring this validation metric.


[12]:





def reduce_and_save_results(f, model, results):
    f.reduce_Xvars(
        method="pfi",
        estimator=model,
        keep_at_least="sqrt",
        grid_search=True,
        dynamic_testing=False,
        overwrite=False,
    )
    results[model] = [
        f.reduced_Xvars,
        f.pfi_dropped_vars,
        f.pfi_error_values,
        f.reduction_hyperparams,
    ]








[ ]:





results = {
    "mlr": [
        f.reduced_Xvars,
        f.pfi_dropped_vars,
        f.pfi_error_values,
        f.reduction_hyperparams,
    ]
}

for model in ("knn", "gbt", "svr"):
    print(f"reducing with {model}")
    reduce_and_save_results(f, model, results)













reducing with knn







[ ]:





for k, v in results.items():
    print(f"the {k} model chose {len(v[0])} variables")
    sns.lineplot(x=np.arange(0, len(v[1]) + 1, 1), y=v[2], label=k)
plt.xlabel("dropped Xvars")
plt.ylabel("error")
plt.show()







Out of the four models we tried using pfi, the gbt model scored the best on the validation set with 136 variables. We will re-train that model with each of the reduced set of variables and see which reduction performs best on the test set. We will use the best-performing model class from the four we tried: gbt. There is no perfect way to choose a set of variables and it is clear that the gbt model performs only marginally different depending on how many variables are dropped, probably because of
how the underlying decision tree model can give lower weight to less-important features natively.


[ ]:





knn_reduced_vars = results["knn"][0]
gbt_reduced_vars = results["gbt"][0]
svr_reduced_vars = results["svr"][0]









Training a Model Class with All Reduced Variable Sets


[ ]:





selected_model = "gbt"
hp = results[selected_model][3]
f.set_estimator(selected_model)
f.manual_forecast(**hp, Xvars="all", call_me=selected_model + "_all_vars")
f.manual_forecast(
    **hp, Xvars=lasso_reduced_vars, call_me=selected_model + "_l1_reduced_vars"
)
f.manual_forecast(
    **hp, Xvars=mlr_reduced_vars, call_me=selected_model + "pfi-mlr_reduced_vars"
)
f.manual_forecast(
    **hp, Xvars=knn_reduced_vars, call_me=selected_model + "pfi-knn_reduced_vars"
)
f.manual_forecast(
    **hp, Xvars=gbt_reduced_vars, call_me=selected_model + "pfi-gbt_reduced_vars"
)
f.manual_forecast(
    **hp, Xvars=svr_reduced_vars, call_me=selected_model + "pfi-svr_reduced_vars"
)








[ ]:





export_results(f)







Although the gbt model with 136 variables performed best out of all tried models on the validation set, on the test set, the 98 variables selected by KNN led to the best performance, followed by using all variables and then the 36 selected from the L1 reduction. This illustrates that even if a reduction decision is made with one estimator class, it can still be useful for another model class.


[ ]:





f.plot_test_set(ci=True, order_by="TestSetMAE", include_train=240)
plt.show()









Backtest Best Model

Backtesting shows the average performance of a given model across the last 10 (by default) forecast horizons, using only data before each 120-period forecast to train the model. It’s a good way to see if your model generalizes well or just got lucky on the particular test set you fed to it.


[ ]:





f.backtest("gbtpfi-knn_reduced_vars")
f.export_backtest_metrics("gbtpfi-knn_reduced_vars")








[ ]:





f.plot(models="gbtpfi-knn_reduced_vars", ci=True)
plt.show()









Export Reduced Dataset


[ ]:





reduced_dataset = f.export_Xvars_df()[['DATE'] + knn_reduced_vars]
reduced_dataset.head(25)









See how often each var was dropped


[ ]:





pd.options.display.max_rows = None
all_xvars = f.get_regressor_names()
final_dropped = pd.DataFrame({"Var": all_xvars})
for i, v in f.export("model_summaries").iterrows():
    model = v["ModelNickname"]
    Xvars = v["Xvars"]
    dropped_vars = [x for x in f.get_regressor_names() if x not in Xvars]
    if not dropped_vars:
        continue
    tmp_dropped = pd.DataFrame(
        {"Var": dropped_vars, f"dropped in {model}": [1] * len(dropped_vars)}
    )
    final_dropped = final_dropped.merge(tmp_dropped, on="Var", how="left").fillna(0)
final_dropped["total times dropped"] = final_dropped.iloc[:, 1:].sum(axis=1)
final_dropped = final_dropped.loc[final_dropped["total times dropped"] > 0]
final_dropped = final_dropped.sort_values("total times dropped", ascending=False)
final_dropped = final_dropped.reset_index(drop=True)
final_dropped.iloc[:, 1:] = final_dropped.iloc[:, 1:].astype(int)
final_dropped








[ ]:
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Forecasting COVID-Affected Data

This notebook showcases some scalecast techniques that can be used to forecast on series heavily affected by the COVID-19 pandemic. Special thanks to Zohoor Nezhad Halafi for helping with this notebook! Connect with her on LinkedIn [https://www.linkedin.com/in/zohoor-nezhad-halafi/].


[1]:





import pandas as pd
import numpy as np
from scalecast.Forecaster import Forecaster
from scalecast.MVForecaster import MVForecaster
from scalecast.SeriesTransformer import SeriesTransformer
from scalecast.AnomalyDetector import AnomalyDetector
from scalecast.ChangepointDetector import ChangepointDetector
from scalecast.util import plot_reduction_errors, break_mv_forecaster, metrics
from scalecast import GridGenerator
from scalecast.multiseries import export_model_summaries
from scalecast.auxmodels import mlp_stack, auto_arima
from statsmodels.tsa.stattools import adfuller
import matplotlib.pyplot as plt
import seaborn as sns
import os
from tqdm.notebook import tqdm
import pickle

sns.set(rc={'figure.figsize':(12,8)})








[2]:





GridGenerator.get_example_grids()








[3]:





airline_series = ['Hou-Dom','IAH-DOM','IAH-Int']
fcst_horizon = 4

data = {
    l:pd.read_csv(
        os.path.join('data',l+'.csv')
    ) for l in airline_series
}

fdict = {
    l:Forecaster(
        y=df['PASSENGERS'],
        current_dates=df['Date'],
        future_dates=fcst_horizon,
    ) for l,df in data.items()
}








[4]:





for l, f in fdict.items():
    f.plot()
    plt.title(l,size=16)
    plt.show()
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Add Anomalies to Model


[5]:





# scan on whole dataset to compare
for l, f in fdict.items():
    tr = SeriesTransformer(f)
    tr.DiffTransform(1)
    tr.DiffTransform(12)
    f2 = tr.ScaleTransform()
    ad = AnomalyDetector(f2)
    ad.MonteCarloDetect_sliding(36,36)
    ad.plot_anom()
    plt.title(f'{l} (diffed series) identified anomalies - all periods',size=16)
    plt.show()













scanning from obs 36 to obs 72
scanning from obs 72 to obs 108
scanning from obs 108 to obs 144
scanning from obs 144 to obs 180
scanning from obs 180 to obs 216
scanning from obs 216 to obs 252











[image: ../_images/enplanement_enplanements-covid_6_1.png]










scanning from obs 36 to obs 72
scanning from obs 72 to obs 108
scanning from obs 108 to obs 144
scanning from obs 144 to obs 180
scanning from obs 180 to obs 216
scanning from obs 216 to obs 252
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scanning from obs 36 to obs 72
scanning from obs 72 to obs 108
scanning from obs 108 to obs 144
scanning from obs 144 to obs 180
scanning from obs 180 to obs 216
scanning from obs 216 to obs 252
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	Sept 11 2001


	Recession sept 2008


	Hurricane Harvey August 2017





[6]:





# scan over only covid periods
for l, f in fdict.items():
    ad.MonteCarloDetect(start_at='2020-04-01',stop_at='2021-09-01')
    ad.plot_anom()
    plt.title(f'{l} (diffed series) identified anomalies - covid only',size=16)
    plt.show()
    f = ad.WriteAnomtoXvars(f=f,drop_first=True)
    f.add_other_regressor(start = '2001-09-01', end='2001-09-01', called='2001')
    f.add_other_regressor(start = '2008-09-01', end='2008-09-01', called='Great Recession')
    f.add_other_regressor(start = '2017-08-01', end='2017-08-01', called='Harvey')
    fdict[l] = f
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Add Changepoints to Model


[7]:





for l, f in fdict.items():
    cd = ChangepointDetector(f)
    cd.DetectCPCUSUM()
    cd.plot()
    plt.title(f'{l} identified changepoints',size=16)
    plt.show()
    f = cd.WriteCPtoXvars()
    fdict[l] = f
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Choose Xvars


[8]:





regressors = pd.read_csv('data/Regressors.csv',parse_dates=['Date'],index_col=0)
for dt in f.future_dates:
    regressors.loc[dt] = [0]*regressors.shape[1]

for c in regressors:
    series = regressors[c]
    if adfuller(series)[1] >= 0.01:
        regressors[c] = regressors[c].diff()
regressors = regressors.fillna(0) # just for now
regressors.head()








[8]:








  
    
    

    Holt-Winters Exponential Smoothing
    

    
 
  

    
      
          
            
  


Holt-Winters Exponential Smoothing

This notebook demonstrates running an HWES model in scalecast.


	See the documentation [https://scalecast.readthedocs.io/en/latest/Forecaster/_forecast.html#module-src.scalecast.Forecaster.Forecaster._forecast_hwes].





[1]:





import pandas as pd
import numpy as np
import pandas_datareader as pdr
import seaborn as sns
import matplotlib
import matplotlib.ticker as ticker
import matplotlib.pyplot as plt
from scalecast.Forecaster import Forecaster







Download data from FRED (https://fred.stlouisfed.org/series/HOUSTNSA). This data is interesting due to its strong seasonality and irregular cycles. It measures monthly housing starts in the USA since 1959. Since exponential smoothing generally doesn’t need as much data to work effectively, we start the series in 2010, where it has a clear trend and seasonality.


[2]:





df = pdr.get_data_fred('HOUSTNSA',start='1959-01-01',end='2022-12-31')
f = Forecaster(
    y=df['HOUSTNSA'],
    current_dates=df.index,
    future_dates = 24,
    test_length = 24,
    cis = True,
)
f








[2]:







Forecaster(
    DateStartActuals=1959-01-01T00:00:00.000000000
    DateEndActuals=2022-12-01T00:00:00.000000000
    Freq=MS
    N_actuals=768
    ForecastLeng