

    
      
          
            
  
Welcome to EXperimental PLANNing Documentation’s documentation!

Python package for EXperimental PLANNing course. It implements classes to build and analise statistical (mainly focused on factorial) models.

Statisctical models are built by statsmodels.



Installation

If you have git and installed, just clone this repository

git clone https://github.com/properallan/explann```





move to the root folder

cd explann





then

pip install -e .







Documentation

The documentation is available at https://explann.readthedocs.io/en/latest/
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explann package


Subpackages






Submodules



explann.dataio module


	
class explann.dataio.BaseImport(data: DataFrame = None, start_index: int = 1)

	Bases: object


Base class for importing data from a file or string.

data : pandas.DataFrame
Data to be imported.





	
data

	
	Type:

	pandas.DataFrame










	
parsed_data

	
	Type:

	pandas.DataFrame










	
levels

	
	Type:

	pandas.DataFrame










	
delimiter

	
	Type:

	str










	
parse_levels(data)

	Parse levels from a pandas.DataFrame.






	
parse_levels_from_string(data, delimiter)

	Parse levels from a string.






	
parse_levels_from_xlsx(path, sheet_name, index_col)

	Parse levels from an xlsx file.






	
parse_levels(data: DataFrame = None)

	




	
parse_levels_from_string(data: str = None, delimiter: str = None)

	




	
parse_levels_from_xlsx(data: str = None, sheet_name: str = None, index_col: int = 0)

	








	
class explann.dataio.ImportString(data: str = None, levels: str = None, delimiter: str = '\\s', engine: str = 'python', start_index: int = 1, **kwargs)

	Bases: BaseImport






	
class explann.dataio.ImportXLSX(path: str = None, data_sheet: str = 0, levels_sheet: str = None, start_index: int = 1, **kwargs)

	Bases: BaseImport







explann.models module


	
class explann.models.BaseModel

	Bases: object






	
class explann.models.FactorialModel(data: ~pandas.core.frame.DataFrame = None, functions: str | list | tuple = None, statsmodel: object = <bound method Model.from_formula of <class 'statsmodels.regression.linear_model.OLS'>>, levels: ~pandas.core.frame.DataFrame = None, **fit_kwargs)

	Bases: BaseModel


	
anova(function: str | list | tuple = None)

	




	
build_significant_models(function: str | list | tuple = None, alpha: float = 0.05, use_anova: bool = False)

	




	
decode_variables(variables, levels: DataFrame = None)

	




	
property dependent_variables

	




	
encode_variables(variables, levels: DataFrame = None)

	




	
fit(data: ~pandas.core.frame.DataFrame = None, functions: str | list | tuple = None, statsmodel: object = <bound method Model.from_formula of <class 'statsmodels.regression.linear_model.OLS'>>, **fit_kwargs)

	




	
property function_names

	




	
get_categorical_functions()

	




	
get_categorical_model()

	




	
get_significant_model_functions(function: str | list | tuple = None, alpha: float = 0.05, use_anova: bool = False)

	




	
get_significant_terms(function: str | list | tuple = None, alpha: float = 0.05)

	




	
property independent_variables

	




	
lack_of_fit(function: str | list | tuple = None, baseline: BaseModel = None, alpha: float = 0.05)

	




	
predict(function, variables)

	




	
predict_rescaled(function, variables, levels: DataFrame = None)

	




	
print_equation(function: str | list | tuple = None, alpha: float = 0.05, precision: int = 4)

	




	
summary(function: str | list | tuple = None)

	




	
working_lack_of_fit(function: str | list | tuple = None, baseline: BaseModel = None)

	








	
explann.models.add_categorical(formula)
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Begginer’s Tutorial


Reading Data from String

Data can be read from a string, by using the ImportString class of explain.dataio. The default delimiter is \s the spectial charactere for whitespaces.


[1]:





from explann.dataio import ImportString

data_string = """
Observação  Dureza  Temperatura
1   137     220
2   137     220
3   137     220
4   136     220
5   135     220
6   135     225
7   133     225
8   132     225
9   133     225
10  133     225
11  128     230
12  124     230
13  126     230
14  129     230
15  126     230
16  122     235
17  122     235
18  122     235
19  119     235
20  122     235
"""

data_reader_string = ImportString(data=data_string, delimiter="\s")







data_reader object stores the providade data in its .data attribute


[2]:





data_reader_string.data








[2]:
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Case Study

Nitrogen Source Optimization for Cellulase Production by Penicillium funiculosum, using a Sequential Experimental Design Methodology and the Desirability Function

The chosen article [https://link.springer.com/content/pdf/10.1007/s12010-009-8875-6.pdf?pdf=button] for the case study suggests employing a sequential experimental design methodology to enhance cellulase production efficiency. Lignocellulosic biomass, being one of the most abundant materials globally, holds immense potential for biomass production. However, the widespread application of lignocellulosic biomass for biofuel production faces constraints due to the considerable expenses
associated with acquiring the necessary enzymes for the chemical process of deriving second-generation sugars. Consequently, the optimization of enzyme production emerges as a pivotal focus within the energy industry’s interests.


The Chosen Article

Maeda, R.N., da Silva, M.M.P., Santa Anna, L.M.M. et al. Nitrogen Source Optimization for Cellulase Production by Penicillium funiculosum, using a Sequential Experimental Design Methodology and the Desirability Function. Appl Biochem Biotechnol 161, 411–422 (2010) [https://link.springer.com/content/pdf/10.1007/s12010-009-8875-6.pdf?pdf=button]



	[image: Second-generation ethanol production]





	Second-generation ethanol production. Source: https://doi.org/10.1016/j.cej.2022.138690 [https://www.sciencedirect.com/science/article/abs/pii/S1385894722041717?via%3Dihub]








Experimental Methods

Cellulase production by Penicillium funiculosum was assessed through the measurement of cellulase activity, quantified in terms of activity units (U), indicating the enzymatic extract required to liberate 1 μmol of sugars per minute.

Three distinct methods were employed to quantify cellulase activity, serving as the variables under consideration for optimization:


	Filter Paper Assay (FPase)


	Carboxymethylcellulose Assay (CMCase)


	Cellobiose Assay (𝛽-Glucosidase)




The dependent variables in this study encompass the concentrations of various nitrogen sources present within the samples, namely:


	Urea


	Ammonium Sulfate


	Peptone


	Yeast Extract




The experimental samples consist of conical flasks, each containing 200 mL of a production medium. This medium features varying concentrations of urea, ammonium sulfate, peptone, and yeast extract, all acting as nitrogen sources. It’s worth noting that the carbon source remains constant throughout the experiments, maintaining a concentration of 15 g/L of partially delignified Cellulignin. Additionally, the spore suspension of Penicillium funiculosum ATCC 11797 maintains a consistent value of
\(10^6\) conidia/mL.



Sequential Experimenta Design



	[image: incremental_design.png]





	





The sequential experimental design involves a series of meticulously crafted iterations, wherein each step entails the elimination of an insignificant variable.

This systematic approach begins with a \(2^4\) factorial design, from which the least influential variable is identified and excluded based on Pareto plot analysis of the effects observed. The ensuing stage employs the remaining three variables within a \(2^3\) experimental design, following a similar process of identifying and omitting the least impactful variable. Ultimately, the final stage entails the execution of a central composite design, employing the last two variables that have
emerged from the iterative refinement process.




Factorial \(2^4\)



	[image: factorial2b4_levels.png]





	Levels for independent variables for the \(2^4\) experimental design.








	[image: factorial2b4_results.png]





	Experimental results of each run of the \(2^4\) design.








explann hands-on on \(2^4\) design

A python package (`explann <https://github.com/properallan/explann/>`__) was developed to assist design and statistical analysis of experiments.

All the following source code is hostes on github https://github.com/properallan/explann/. Both the table of levels and the experimental results can be easily imported to the explann package. There are functions to import data in string format or even xlsx file format. The explann package can assisti also in the creation of the experimetal design.

TwoLevelFactorial implements a generic \(2^n\) factorial design, with \(n\) variables defined as a dictionary containunt the variable name and range.


[1]:





from explann.doe import TwoLevelFactorial

f2b4 = TwoLevelFactorial(
    variables = {
        'U': (0.15, 0.45),
        'A': (0.70, 2.10),
        'P': (0.40, 1.10),
        'Y': (0.13, 0.38)
    },
    central_points=3
)







Once instantiated this class build the doe table, storage as an object attribute as a pandas DataFrame.


[2]:





f2b4.doe








[2]:
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Proposal Study

This proposal employs a factorial design approach to construct a surrogate model. The aim is the reconstruction of 2D fields acquired through Reynolds Averaged Navier Stokes (RANS) solutions, involving conjugate heat transfer of the nozzle flow.


Nozzle Flow and Heat Transfer

Rocket nozzles hold paramount importance in aerospace propulsion. The optimal aerodynamic design of these nozzles is inherently limited by the need to maintain structural integrity, as they are subjected to intense heat transfer from the hot gases to the inner walls.



	[image: nozzle_cp-2.png]





	Representation of Nozzle numerical domain and boundary conditions









Main Hypotesis

The central hypothesis poses that the factorial design could be effective in acquiring a model with the capacity to predict the principal components of a reduced-order model of fluid flow and heat transfer. This model, once established, can then be used to reconstruct complete two-dimensional flow fields from the designated independent variables.


Experimental Samples

To test this hypothesis, a series of numerical experiments will be conducted following the Central Composite Design (CCD)


	Inlet Total Temperature, \(T_{0in}\) [K]


	Inlet Total Pressure, \(p_{0in}\) [Pa]


	Wall Thickness, \(t_{wall}\) [m]


	Nozzle Shape Control Point, \(CP3_y\) [m]


	External Nozzle Wall Temperature, \(T_e\) [K]




The SU2 [https://su2code.github.io/] software (Economon et al., 2016) [https://su2code.github.io/documents/AIAA-2018-3111.pdf] was employed to address the conjugate heat transfer interfaces between the fluid and solid in the nozzle. In the fluid domain, the Reynolds Averaged Navier-Stokes equations were solved using the finite volume method and the SST (Shear Stress Transport) turbulence model. To obtain the steady-state solution, the implicit Euler integration method was utilized in
conjunction with time marching. On the other hand, for the solid domain, the energy equation was solved.




Central Composite Design

The range of variables were choosen in order to be within real experiments made by (Back et al., 1964) [https://ntrs.nasa.gov/api/citations/19650010083/downloads/19650010083.pdf] . Another factor taking into account to limit variable ranges is the numerical stability of conjugate heat transfer CFD.


[1]:





from explann.doe import CentralCompositeDesign
import pandas as pd

variables = {
    't_wall': [0.001, 0.010],               #[m]
    'CP3_y': [-0.01255805, 0.0],            #[m]
    'T_0in': [400.0, 650.0],                #[K]
    'p_0in': [4.0e5, 1.0e6],                #[Pa]
    'T_e': [290.0, 400.0],                  #[K]
}

# variable ranges
pd.DataFrame(variables)








[1]:
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Begginer’s tutorial


Data input

Data can be read from a string, by using the ImportString class of explain.dataio. The default delimiter is s the spectial charactere for whitespaces

from explann.dataio import ImportString

data_string = """
Observação  Dureza  Temperatura
1   137     220
2   137     220
3   137     220
4   136     220
5   135     220
6   135     225
7   133     225
8   132     225
9   133     225
10  133     225
11  128     230
12  124     230
13  126     230
14  129     230
15  126     230
16  122     235
17  122     235
18  122     235
19  119     235
20  122     235
"""

data_reader_string = ImportString(data=data_string, delimiter="\s")





data_reader object stores the providade data in its .data attribute

data_reader_string.data
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[1]:





import numpy as np

def fullfact(levels):
    """
    Create a general full-factorial design

    Parameters
    ----------
    levels : array-like
        An array of integers that indicate the number of levels of each input
        design factor.

    Returns
    -------
    mat : 2d-array
        The design matrix with coded levels 0 to k-1 for a k-level factor

    Example
    -------
    ::

        >>> fullfact([2, 4, 3])
        array([[ 0.,  0.,  0.],
               [ 1.,  0.,  0.],
               [ 0.,  1.,  0.],
               [ 1.,  1.,  0.],
               [ 0.,  2.,  0.],
               [ 1.,  2.,  0.],
               [ 0.,  3.,  0.],
               [ 1.,  3.,  0.],
               [ 0.,  0.,  1.],
               [ 1.,  0.,  1.],
               [ 0.,  1.,  1.],
               [ 1.,  1.,  1.],
               [ 0.,  2.,  1.],
               [ 1.,  2.,  1.],
               [ 0.,  3.,  1.],
               [ 1.,  3.,  1.],
               [ 0.,  0.,  2.],
               [ 1.,  0.,  2.],
               [ 0.,  1.,  2.],
               [ 1.,  1.,  2.],
               [ 0.,  2.,  2.],
               [ 1.,  2.,  2.],
               [ 0.,  3.,  2.],
               [ 1.,  3.,  2.]])

    """
    n = len(levels)  # number of factors
    nb_lines = np.prod(levels)  # number of trial conditions
    H = np.zeros((nb_lines, n))

    level_repeat = 1
    range_repeat = np.prod(levels)
    for i in range(n):
        range_repeat /= levels[i]
        lvl = []
        for j in range(levels[i]):
            lvl += [j]*level_repeat
        rng = lvl*int(range_repeat)
        level_repeat *= levels[i]
        H[:, i] = rng

    return H

def ff2n(n):
    """
    Create a 2-Level full-factorial design

    Parameters
    ----------
    n : int
        The number of factors in the design.

    Returns
    -------
    mat : 2d-array
        The design matrix with coded levels -1 and 1

    Example
    -------
    ::

        >>> ff2n(3)
        array([[-1., -1., -1.],
               [ 1., -1., -1.],
               [-1.,  1., -1.],
               [ 1.,  1., -1.],
               [-1., -1.,  1.],
               [ 1., -1.,  1.],
               [-1.,  1.,  1.],
               [ 1.,  1.,  1.]])

    """
    return 2*fullfact([2]*n) - 1


from pyDOE.doe_star import star
from pyDOE.doe_union import union
from pyDOE.doe_repeat_center import repeat_center

def ccdesign(n, center=(4, 4), alpha='orthogonal', face='circumscribed'):
    """
    Central composite design

    Parameters
    ----------
    n : int
        The number of factors in the design.

    Optional
    --------
    center : int array
        A 1-by-2 array of integers, the number of center points in each block
        of the design. (Default: (4, 4)).
    alpha : str
        A string describing the effect of alpha has on the variance. ``alpha``
        can take on the following values:

        1. 'orthogonal' or 'o' (Default)

        2. 'rotatable' or 'r'

    face : str
        The relation between the start points and the corner (factorial) points.
        There are three options for this input:

        1. 'circumscribed' or 'ccc': This is the original form of the central
           composite design. The star points are at some distance ``alpha``
           from the center, based on the properties desired for the design.
           The start points establish new extremes for the low and high
           settings for all factors. These designs have circular, spherical,
           or hyperspherical symmetry and require 5 levels for each factor.
           Augmenting an existing factorial or resolution V fractional
           factorial design with star points can produce this design.

        2. 'inscribed' or 'cci': For those situations in which the limits
           specified for factor settings are truly limits, the CCI design
           uses the factors settings as the star points and creates a factorial
           or fractional factorial design within those limits (in other words,
           a CCI design is a scaled down CCC design with each factor level of
           the CCC design divided by ``alpha`` to generate the CCI design).
           This design also requires 5 levels of each factor.

        3. 'faced' or 'ccf': In this design, the star points are at the center
           of each face of the factorial space, so ``alpha`` = 1. This
           variety requires 3 levels of each factor. Augmenting an existing
           factorial or resolution V design with appropriate star points can
           also produce this design.

    Notes
    -----
    - Fractional factorial designs are not (yet) available here.
    - 'ccc' and 'cci' can be rotatable design, but 'ccf' cannot.
    - If ``face`` is specified, while ``alpha`` is not, then the default value
      of ``alpha`` is 'orthogonal'.

    Returns
    -------
    mat : 2d-array
        The design matrix with coded levels -1 and 1

    Example
    -------
    ::

        >>> ccdesign(3)
        array([[-1.        , -1.        , -1.        ],
               [ 1.        , -1.        , -1.        ],
               [-1.        ,  1.        , -1.        ],
               [ 1.        ,  1.        , -1.        ],
               [-1.        , -1.        ,  1.        ],
               [ 1.        , -1.        ,  1.        ],
               [-1.        ,  1.        ,  1.        ],
               [ 1.        ,  1.        ,  1.        ],
               [ 0.        ,  0.        ,  0.        ],
               [ 0.        ,  0.        ,  0.        ],
               [ 0.        ,  0.        ,  0.        ],
               [ 0.        ,  0.        ,  0.        ],
               [-1.82574186,  0.        ,  0.        ],
               [ 1.82574186,  0.        ,  0.        ],
               [ 0.        , -1.82574186,  0.        ],
               [ 0.        ,  1.82574186,  0.        ],
               [ 0.        ,  0.        , -1.82574186],
               [ 0.        ,  0.        ,  1.82574186],
               [ 0.        ,  0.        ,  0.        ],
               [ 0.        ,  0.        ,  0.        ],
               [ 0.        ,  0.        ,  0.        ],
               [ 0.        ,  0.        ,  0.        ]])


    """
    # Check inputs
    assert isinstance(n, int) and n>1, '"n" must be an integer greater than 1.'
    assert alpha.lower() in ('orthogonal', 'o', 'rotatable',
        'r'), 'Invalid value for "alpha": {:}'.format(alpha)
    assert face.lower() in ('circumscribed', 'ccc', 'inscribed', 'cci',
        'faced', 'ccf'), 'Invalid value for "face": {:}'.format(face)

    try:
        nc = len(center)
    except:
        raise TypeError('Invalid value for "center": {:}. Expected a 1-by-2 array.'.format(center))
    else:
        if nc!=2:
            raise ValueError('Invalid number of values for "center" (expected 2, but got {:})'.format(nc))

    # Orthogonal Design
    if alpha.lower() in ('orthogonal', 'o'):
        H2, a = star(n, alpha='orthogonal', center=center)

    # Rotatable Design
    if alpha.lower() in ('rotatable', 'r'):
        H2, a = star(n, alpha='rotatable')

    # Inscribed CCD
    if face.lower() in ('inscribed', 'cci'):
        H1 = ff2n(n)
        H1 = H1/a  # Scale down the factorial points
        H2, a = star(n)

    # Faced CCD
    if face.lower() in ('faced', 'ccf'):
        H2, a = star(n)  # Value of alpha is always 1 in Faced CCD
        H1 = ff2n(n)

    # Circumscribed CCD
    if face.lower() in ('circumscribed', 'ccc'):
        H1 = ff2n(n)

    C1 = repeat_center(n, center[0])
    C2 = repeat_center(n, center[1])

    H1 = union(H1, C1)
    H2 = union(H2, C2)
    H = union(H1, H2)

    return H








[2]:





fullfact([2,2,2,2])








[2]:







array([[0., 0., 0., 0.],
       [1., 0., 0., 0.],
       [0., 1., 0., 0.],
       [1., 1., 0., 0.],
       [0., 0., 1., 0.],
       [1., 0., 1., 0.],
       [0., 1., 1., 0.],
       [1., 1., 1., 0.],
       [0., 0., 0., 1.],
       [1., 0., 0., 1.],
       [0., 1., 0., 1.],
       [1., 1., 0., 1.],
       [0., 0., 1., 1.],
       [1., 0., 1., 1.],
       [0., 1., 1., 1.],
       [1., 1., 1., 1.]])







[3]:





ff2n(4)








[3]:







array([[-1., -1., -1., -1.],
       [ 1., -1., -1., -1.],
       [-1.,  1., -1., -1.],
       [ 1.,  1., -1., -1.],
       [-1., -1.,  1., -1.],
       [ 1., -1.,  1., -1.],
       [-1.,  1.,  1., -1.],
       [ 1.,  1.,  1., -1.],
       [-1., -1., -1.,  1.],
       [ 1., -1., -1.,  1.],
       [-1.,  1., -1.,  1.],
       [ 1.,  1., -1.,  1.],
       [-1., -1.,  1.,  1.],
       [ 1., -1.,  1.,  1.],
       [-1.,  1.,  1.,  1.],
       [ 1.,  1.,  1.,  1.]])
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ccd_levels = ccdesign(5, center=(0,1), alpha='o', face='ccc')
ccd_levels
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array([[-1.        , -1.        , -1.        , -1.        , -1.        ],
       [ 1.        , -1.        , -1.        , -1.        , -1.        ],
       [-1.        ,  1.        , -1.        , -1.        , -1.        ],
       [ 1.        ,  1.        , -1.        , -1.        , -1.        ],
       [-1.        , -1.        ,  1.        , -1.        , -1.        ],
       [ 1.        , -1.        ,  1.        , -1.        , -1.        ],
       [-1.        ,  1.        ,  1.        , -1.        , -1.        ],
       [ 1.        ,  1.        ,  1.        , -1.        , -1.        ],
       [-1.        , -1.        , -1.        ,  1.        , -1.        ],
       [ 1.        , -1.        , -1.        ,  1.        , -1.        ],
       [-1.        ,  1.        , -1.        ,  1.        , -1.        ],
       [ 1.        ,  1.        , -1.        ,  1.        , -1.        ],
       [-1.        , -1.        ,  1.        ,  1.        , -1.        ],
       [ 1.        , -1.        ,  1.        ,  1.        , -1.        ],
       [-1.        ,  1.        ,  1.        ,  1.        , -1.        ],
       [ 1.        ,  1.        ,  1.        ,  1.        , -1.        ],
       [-1.        , -1.        , -1.        , -1.        ,  1.        ],
       [ 1.        , -1.        , -1.        , -1.        ,  1.        ],
       [-1.        ,  1.        , -1.        , -1.        ,  1.        ],
       [ 1.        ,  1.        , -1.        , -1.        ,  1.        ],
       [-1.        , -1.        ,  1.        , -1.        ,  1.        ],
       [ 1.        , -1.        ,  1.        , -1.        ,  1.        ],
       [-1.        ,  1.        ,  1.        , -1.        ,  1.        ],
       [ 1.        ,  1.        ,  1.        , -1.        ,  1.        ],
       [-1.        , -1.        , -1.        ,  1.        ,  1.        ],
       [ 1.        , -1.        , -1.        ,  1.        ,  1.        ],
       [-1.        ,  1.        , -1.        ,  1.        ,  1.        ],
       [ 1.        ,  1.        , -1.        ,  1.        ,  1.        ],
       [-1.        , -1.        ,  1.        ,  1.        ,  1.        ],
       [ 1.        , -1.        ,  1.        ,  1.        ,  1.        ],
       [-1.        ,  1.        ,  1.        ,  1.        ,  1.        ],
       [ 1.        ,  1.        ,  1.        ,  1.        ,  1.        ],
       [-2.34520788,  0.        ,  0.        ,  0.        ,  0.        ],
       [ 2.34520788,  0.        ,  0.        ,  0.        ,  0.        ],
       [ 0.        , -2.34520788,  0.        ,  0.        ,  0.        ],
       [ 0.        ,  2.34520788,  0.        ,  0.        ,  0.        ],
       [ 0.        ,  0.        , -2.34520788,  0.        ,  0.        ],
       [ 0.        ,  0.        ,  2.34520788,  0.        ,  0.        ],
       [ 0.        ,  0.        ,  0.        , -2.34520788,  0.        ],
       [ 0.        ,  0.        ,  0.        ,  2.34520788,  0.        ],
       [ 0.        ,  0.        ,  0.        ,  0.        , -2.34520788],
       [ 0.        ,  0.        ,  0.        ,  0.        ,  2.34520788],
       [ 0.        ,  0.        ,  0.        ,  0.        ,  0.        ]])
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levels = np.array([-2.34520788,-1,0,1,2.34520788])

# variables ranges
Thickness = (0.001, 0.010)
CP3_y = (-0.01255805, 0.0)
T0in = (400, 800)
p0in = (4.0e5, 1.0e6)
outerTemperature = (290, 400)

Thickness_levels = np.interp(levels, (levels.min(), levels.max()), Thickness)
CP3_y_levels = np.interp(levels, (levels.min(), levels.max()), CP3_y)
T0in_levels = np.interp(levels, (levels.min(), levels.max()), T0in)
p0in_lebels = np.interp(levels, (levels.min(), levels.max()), p0in)
outerTemperature_levels = np.interp(levels, (levels.min(), levels.max()), outerTemperature)
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converted_levels = np.array(
    [Thickness_levels,
     CP3_y_levels,
     T0in_levels,
     p0in_lebels,
     outerTemperature_levels,]
)
converted_levels.shape
converted_levels[0]
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array([0.001     , 0.00358119, 0.0055    , 0.00741881, 0.01      ])
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Thickness_levels
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array([0.001     , 0.00358119, 0.0055    , 0.00741881, 0.01      ])







[8]:





levels*(Thickness_levels[-2]-np.mean(Thickness_levels)) + np.mean(Thickness_levels)
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array([0.001     , 0.00358119, 0.0055    , 0.00741881, 0.01      ])
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ccd_levels_converted = np.copy(ccd_levels)
for i in range(ccd_levels.shape[1]):
    ccd_levels_converted[:,i] = ccd_levels[:,i]*(converted_levels[i][-2] + np.mean(converted_levels[i])) - np.mean(converted_levels[i])









[16]:





np.set_printoptions(precision=5, suppress=True)
print(ccd_levels_converted)













[[     0.00358     -0.00896    514.71971 572079.57019    321.54792]
 [     0.00742     -0.00896    514.71971 572079.57019    321.54792]
 [     0.00358     -0.0036     514.71971 572079.57019    321.54792]
 [     0.00742     -0.0036     514.71971 572079.57019    321.54792]
 [     0.00358     -0.00896    685.28029 572079.57019    321.54792]
 [     0.00742     -0.00896    685.28029 572079.57019    321.54792]
 [     0.00358     -0.0036     685.28029 572079.57019    321.54792]
 [     0.00742     -0.0036     685.28029 572079.57019    321.54792]
 [     0.00358     -0.00896    514.71971 827920.42981    321.54792]
 [     0.00742     -0.00896    514.71971 827920.42981    321.54792]
 [     0.00358     -0.0036     514.71971 827920.42981    321.54792]
 [     0.00742     -0.0036     514.71971 827920.42981    321.54792]
 [     0.00358     -0.00896    685.28029 827920.42981    321.54792]
 [     0.00742     -0.00896    685.28029 827920.42981    321.54792]
 [     0.00358     -0.0036     685.28029 827920.42981    321.54792]
 [     0.00742     -0.0036     685.28029 827920.42981    321.54792]
 [     0.00358     -0.00896    514.71971 572079.57019    368.45208]
 [     0.00742     -0.00896    514.71971 572079.57019    368.45208]
 [     0.00358     -0.0036     514.71971 572079.57019    368.45208]
 [     0.00742     -0.0036     514.71971 572079.57019    368.45208]
 [     0.00358     -0.00896    685.28029 572079.57019    368.45208]
 [     0.00742     -0.00896    685.28029 572079.57019    368.45208]
 [     0.00358     -0.0036     685.28029 572079.57019    368.45208]
 [     0.00742     -0.0036     685.28029 572079.57019    368.45208]
 [     0.00358     -0.00896    514.71971 827920.42981    368.45208]
 [     0.00742     -0.00896    514.71971 827920.42981    368.45208]
 [     0.00358     -0.0036     514.71971 827920.42981    368.45208]
 [     0.00742     -0.0036     514.71971 827920.42981    368.45208]
 [     0.00358     -0.00896    685.28029 827920.42981    368.45208]
 [     0.00742     -0.00896    685.28029 827920.42981    368.45208]
 [     0.00358     -0.0036     685.28029 827920.42981    368.45208]
 [     0.00742     -0.0036     685.28029 827920.42981    368.45208]
 [     0.001       -0.00628    600.      700000.         345.     ]
 [     0.01        -0.00628    600.      700000.         345.     ]
 [     0.0055      -0.01256    600.      700000.         345.     ]
 [     0.0055      -0.         600.      700000.         345.     ]
 [     0.0055      -0.00628    400.      700000.         345.     ]
 [     0.0055      -0.00628    800.      700000.         345.     ]
 [     0.0055      -0.00628    600.      400000.00001    345.     ]
 [     0.0055      -0.00628    600.      999999.99999    345.     ]
 [     0.0055      -0.00628    600.      700000.         290.     ]
 [     0.0055      -0.00628    600.      700000.         400.     ]
 [     0.0055      -0.00628    600.      700000.         345.     ]]







[ ]:
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np.savetxt('ccd_experiment.txt' ,ccd_levels_converted)








[ ]:
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from explann.doe import FullFactorial, CentralCompositeDesign, LatinHypercubeSampling

variables = {
    't': [0.001, 0.010],                #Thickness
    'c': [-0.01255805, 0.0],            #cp
    'T': [400.0, 650.0],                #T0in
    'p': [4.0e5, 1.0e6],                #p0in
    'T_e': [290.0, 400.0],               #outerTemperature
}


ccd = CentralCompositeDesign(
    variables=variables,
    center=(1,0),
    alpha='r',
    face='ccc',
)
ccd.doe
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[1]:





from explann.doe import FullFactorial, CentralCompositeDesign, LatinHypercubeSampling

variables = {
    't': [0.001, 0.010],                #Thickness
    'c': [-0.01255805, 0.0],            #cp
    'T': [400.0, 650.0],                #T0in
    'p': [4.0e5, 1.0e6],                #p0in
    'T_e': [290.0, 400.0],               #outerTemperature
}


ccd = CentralCompositeDesign(
    variables=variables,
    center=(1,0),
    alpha='r',
    face='ccc',
)
ccd.doe
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Experimental Planning Applied to Energetic Process - ENE108

Dr. Fernando Gasi; Dra. Graziella Colato Antonio; Dra. Juliana Tófano de Campos Leite Toneli



Article Selected

The economical feasibility of ethanol production using lignocellulosic biomass is primarilly dependent on the cost of the required enzymes, e.g. celullase. By this reason there is and increasing interest in optimizing the process of obtaining this enzymes. In the article [Nitrogen Source Optimization for Cellulase Production by Penicillium funiculosum, using a Sequential Experimental Design Methodology and the Desirability
)Function](https://link.springer.com/content/pdf/10.1007/s12010-009-8875-6.pdf?pdf=button, the authors used three sucessice designs of experiments to optimize celullase production. The incremental methodology consists of sucessively cut off irrelevant terms in models obtained by a \(2^4\) and \(2^3\) factorial designs and finally perform ANOVA in a central composite rotational design.



Variables and Levels



Responses



Matrices of experiments



ANOVA



Hypotesis

The main hypotesis is that a sequential methodology for experimental design can be efficiently used to optmizethe the production of celullase by Penicillinum funiculosum.



Cellulalse Production Process

For optimization of cellulase production, the independent variables considered were 4 different sources of nitrogen:


	Urea (U)


	Ammonium Sulfate (A)


	Peptone (P)


	Yeast Extract (Y)






Loding Article Data

The article data is contained in a single .xlsx file with multiple sheets
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from explann.dataio import ImportXLSX

data_path = '../../data/paper_data.xlsx'

data_24 = ImportXLSX(path=data_path,
    data_sheet="data_24",
    levels_sheet="levels_24"
)

data_23 = ImportXLSX(path=data_path,
    data_sheet="data_23",
    levels_sheet="levels_23"
)

data_ccrd = ImportXLSX(path=data_path,
    data_sheet="data_ccrd",
    levels_sheet="levels_ccrd"
)









Building Models


\(2^4\) Factorial Experiment

To build a full factorial desing with all interactions we just use the syntax U*A*P*Y for all the three response variables.

In the first experiment all independent variables was considered relevant on a factorial design with two levels and three central points. The data generated in the experiments are collected in the table below
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from explann.models import FactorialModel

fm_24 = FactorialModel(
    data=data_24.data,
    functions=
    {
        "F_full" : "F ~ U * A * P * Y",
        "CM_full" : "CM ~ U * A * P * Y",
        "B_full" : "B ~ U * A * P * Y",
        "F_sorder" : "F ~ (U * A * P * Y)**2",
        "CM_sorder" : "CM ~ (U + A + P + Y)**2",
        "B_sorder" : "B ~ (U + A + P + Y)**2",

    },
    #cov_type="HC0",
)







The summary() method shows up the coefficients and p-values of variables.
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fm_24.summary()













/home/ppiper/micromamba/envs/explann/lib/python3.11/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "
/home/ppiper/micromamba/envs/explann/lib/python3.11/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "
/home/ppiper/micromamba/envs/explann/lib/python3.11/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "
/home/ppiper/micromamba/envs/explann/lib/python3.11/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "
/home/ppiper/micromamba/envs/explann/lib/python3.11/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "
/home/ppiper/micromamba/envs/explann/lib/python3.11/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "
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{'F_full': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                      F   R-squared:                       0.992
 Model:                            OLS   Adj. R-squared:                  0.953
 Method:                 Least Squares   F-statistic:                     25.39
 Date:                Wed, 09 Aug 2023   Prob (F-statistic):             0.0109
 Time:                        14:37:39   Log-Likelihood:                -49.206
 No. Observations:                  19   AIC:                             130.4
 Df Residuals:                       3   BIC:                             145.5
 Df Model:                          15
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept     77.5318     54.494      1.423      0.250     -95.892     250.955
 U             25.6095    162.484      0.158      0.885    -491.487     542.706
 A             -4.1694     34.818     -0.120      0.912    -114.976     106.637
 U:A          -62.4082    103.807     -0.601      0.590    -392.769     267.953
 P            -72.4857     65.848     -1.101      0.351    -282.043     137.071
 U:P          -32.1905    196.320     -0.164      0.880    -656.969     592.588
 A:P            0.5306     42.069      0.013      0.991    -133.351     134.412
 U:A:P        192.9252    125.424      1.538      0.222    -206.231     592.082
 Y           -669.4887    191.904     -3.489      0.040   -1280.213     -58.765
 U:Y         1830.4762    572.148      3.199      0.049       9.647    3651.305
 A:Y          252.2449    122.603      2.057      0.132    -137.933     642.423
 U:A:Y       -511.5646    365.532     -1.400      0.256   -1674.850     651.720
 P:Y          818.5714    231.867      3.530      0.039      80.667    1556.476
 U:P:Y       -942.8571    691.294     -1.364      0.266   -3142.863    1257.149
 A:P:Y       -259.1837    148.134     -1.750      0.178    -730.614     212.246
 U:A:P:Y     -149.6599    441.652     -0.339      0.757   -1555.192    1255.873
 ==============================================================================
 Omnibus:                       11.466   Durbin-Watson:                   2.043
 Prob(Omnibus):                  0.003   Jarque-Bera (JB):               21.610
 Skew:                           0.323   Prob(JB):                     2.03e-05
 Kurtosis:                       8.184   Cond. No.                     1.45e+03
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 [2] The condition number is large, 1.45e+03. This might indicate that there are
 strong multicollinearity or other numerical problems.
 """,
 'CM_full': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                     CM   R-squared:                       0.986
 Model:                            OLS   Adj. R-squared:                  0.919
 Method:                 Least Squares   F-statistic:                     14.55
 Date:                Wed, 09 Aug 2023   Prob (F-statistic):             0.0243
 Time:                        14:37:39   Log-Likelihood:                 36.101
 No. Observations:                  19   AIC:                            -40.20
 Df Residuals:                       3   BIC:                            -25.09
 Df Model:                          15
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept      1.7303      0.612      2.829      0.066      -0.216       3.677
 U             -2.8836      1.824     -1.581      0.212      -8.687       2.920
 A             -0.5702      0.391     -1.459      0.241      -1.814       0.673
 U:A            3.3458      1.165      2.872      0.064      -0.362       7.053
 P             -0.2859      0.739     -0.387      0.725      -2.638       2.066
 U:P            4.6591      2.203      2.115      0.125      -2.353      11.671
 A:P            0.3992      0.472      0.846      0.460      -1.103       1.902
 U:A:P         -3.5242      1.408     -2.504      0.087      -8.004       0.955
 Y             -3.2290      2.154     -1.499      0.231     -10.083       3.625
 U:Y           18.1705      6.421      2.830      0.066      -2.264      38.605
 A:Y            3.0141      1.376      2.191      0.116      -1.365       7.393
 U:A:Y        -13.9524      4.102     -3.401      0.042     -27.008      -0.897
 P:Y            0.5371      2.602      0.206      0.850      -7.744       8.818
 U:P:Y        -10.8762      7.758     -1.402      0.255     -35.566      13.814
 A:P:Y         -1.4816      1.662     -0.891      0.438      -6.772       3.809
 U:A:P:Y       10.2857      4.957      2.075      0.130      -5.488      26.060
 ==============================================================================
 Omnibus:                       20.016   Durbin-Watson:                   0.351
 Prob(Omnibus):                  0.000   Jarque-Bera (JB):               21.007
 Skew:                           2.125   Prob(JB):                     2.74e-05
 Kurtosis:                       5.910   Cond. No.                     1.45e+03
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 [2] The condition number is large, 1.45e+03. This might indicate that there are
 strong multicollinearity or other numerical problems.
 """,
 'B_full': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                      B   R-squared:                       1.000
 Model:                            OLS   Adj. R-squared:                  0.999
 Method:                 Least Squares   F-statistic:                     1647.
 Date:                Wed, 09 Aug 2023   Prob (F-statistic):           2.17e-05
 Time:                        14:37:39   Log-Likelihood:                -31.594
 No. Observations:                  19   AIC:                             95.19
 Df Residuals:                       3   BIC:                             110.3
 Df Model:                          15
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept    115.3029     21.566      5.346      0.013      46.669     183.936
 U           -997.6381     64.304    -15.514      0.001   -1202.283    -792.994
 A            203.1592     13.779     14.744      0.001     159.307     247.012
 U:A          868.1905     41.082     21.133      0.000     737.448     998.933
 P            -67.8857     26.060     -2.605      0.080    -150.819      15.048
 U:P         1072.7619     77.695     13.807      0.001     825.501    1320.023
 A:P           21.3878     16.649      1.285      0.289     -31.597      74.372
 U:A:P      -1020.9524     49.638    -20.568      0.000   -1178.921    -862.983
 Y            -29.0632     75.947     -0.383      0.727    -270.762     212.635
 U:Y         2241.9048    226.432      9.901      0.002    1521.298    2962.511
 A:Y         -264.4898     48.521     -5.451      0.012    -418.905    -110.074
 U:A:Y      -2685.7143    144.662    -18.565      0.000   -3146.093   -2225.336
 P:Y         -387.1429     91.763     -4.219      0.024    -679.174     -95.112
 U:P:Y       -504.7619    273.585     -1.845      0.162   -1375.430     365.906
 A:P:Y        161.2245     58.625      2.750      0.071     -25.347     347.796
 U:A:P:Y     1809.5238    174.787     10.353      0.002    1253.274    2365.773
 ==============================================================================
 Omnibus:                       29.085   Durbin-Watson:                   2.220
 Prob(Omnibus):                  0.000   Jarque-Bera (JB):               57.479
 Skew:                           2.349   Prob(JB):                     3.30e-13
 Kurtosis:                      10.109   Cond. No.                     1.45e+03
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 [2] The condition number is large, 1.45e+03. This might indicate that there are
 strong multicollinearity or other numerical problems.
 """,
 'F_sorder': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                      F   R-squared:                       0.992
 Model:                            OLS   Adj. R-squared:                  0.953
 Method:                 Least Squares   F-statistic:                     25.39
 Date:                Wed, 09 Aug 2023   Prob (F-statistic):             0.0109
 Time:                        14:37:39   Log-Likelihood:                -49.206
 No. Observations:                  19   AIC:                             130.4
 Df Residuals:                       3   BIC:                             145.5
 Df Model:                          15
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept     77.5318     54.494      1.423      0.250     -95.892     250.955
 U             25.6095    162.484      0.158      0.885    -491.487     542.706
 A             -4.1694     34.818     -0.120      0.912    -114.976     106.637
 U:A          -62.4082    103.807     -0.601      0.590    -392.769     267.953
 P            -72.4857     65.848     -1.101      0.351    -282.043     137.071
 U:P          -32.1905    196.320     -0.164      0.880    -656.969     592.588
 A:P            0.5306     42.069      0.013      0.991    -133.351     134.412
 U:A:P        192.9252    125.424      1.538      0.222    -206.231     592.082
 Y           -669.4887    191.904     -3.489      0.040   -1280.213     -58.765
 U:Y         1830.4762    572.148      3.199      0.049       9.647    3651.305
 A:Y          252.2449    122.603      2.057      0.132    -137.933     642.423
 U:A:Y       -511.5646    365.532     -1.400      0.256   -1674.850     651.720
 P:Y          818.5714    231.867      3.530      0.039      80.667    1556.476
 U:P:Y       -942.8571    691.294     -1.364      0.266   -3142.863    1257.149
 A:P:Y       -259.1837    148.134     -1.750      0.178    -730.614     212.246
 U:A:P:Y     -149.6599    441.652     -0.339      0.757   -1555.192    1255.873
 ==============================================================================
 Omnibus:                       11.466   Durbin-Watson:                   2.043
 Prob(Omnibus):                  0.003   Jarque-Bera (JB):               21.610
 Skew:                           0.323   Prob(JB):                     2.03e-05
 Kurtosis:                       8.184   Cond. No.                     1.45e+03
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 [2] The condition number is large, 1.45e+03. This might indicate that there are
 strong multicollinearity or other numerical problems.
 """,
 'CM_sorder': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                     CM   R-squared:                       0.873
 Model:                            OLS   Adj. R-squared:                  0.715
 Method:                 Least Squares   F-statistic:                     5.514
 Date:                Wed, 09 Aug 2023   Prob (F-statistic):             0.0118
 Time:                        14:37:39   Log-Likelihood:                 14.868
 No. Observations:                  19   AIC:                            -7.736
 Df Residuals:                       8   BIC:                             2.653
 Df Model:                          10
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept      0.5837      0.472      1.236      0.252      -0.505       1.673
 U              2.3699      1.054      2.249      0.055      -0.060       4.800
 A              0.3932      0.226      1.741      0.120      -0.128       0.914
 P              0.3520      0.442      0.797      0.449      -0.667       1.371
 Y              0.1539      1.257      0.122      0.906      -2.745       3.053
 U:A           -0.8881      0.406     -2.188      0.060      -1.824       0.048
 U:P            0.6238      0.812      0.768      0.464      -1.249       2.496
 U:Y            1.2800      2.273      0.563      0.589      -3.963       6.523
 A:P           -0.2490      0.174     -1.431      0.190      -0.650       0.152
 A:Y            0.0314      0.487      0.065      0.950      -1.092       1.155
 P:Y           -0.4800      0.974     -0.493      0.636      -2.727       1.767
 ==============================================================================
 Omnibus:                        0.485   Durbin-Watson:                   1.659
 Prob(Omnibus):                  0.785   Jarque-Bera (JB):                0.577
 Skew:                          -0.289   Prob(JB):                        0.749
 Kurtosis:                       2.372   Cond. No.                         153.
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 """,
 'B_sorder': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                      B   R-squared:                       0.910
 Model:                            OLS   Adj. R-squared:                  0.797
 Method:                 Least Squares   F-statistic:                     8.048
 Date:                Wed, 09 Aug 2023   Prob (F-statistic):            0.00347
 Time:                        14:37:39   Log-Likelihood:                -94.416
 No. Observations:                  19   AIC:                             210.8
 Df Residuals:                       8   BIC:                             221.2
 Df Model:                          10
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept    -43.6800    148.652     -0.294      0.776    -386.473     299.113
 U            160.6976    331.713      0.484      0.641    -604.234     925.629
 A            399.8536     71.081      5.625      0.000     235.940     563.767
 P            -45.6286    139.070     -0.328      0.751    -366.325     275.068
 Y            -96.7775    395.706     -0.245      0.813   -1009.278     815.723
 U:A         -236.3095    127.779     -1.849      0.102    -530.968      58.349
 U:P          160.7143    255.558      0.629      0.547    -428.603     750.031
 U:Y            3.3333    715.561      0.005      0.996   -1646.754    1653.421
 A:P         -105.3571     54.762     -1.924      0.091    -231.639      20.925
 A:Y         -542.1429    153.335     -3.536      0.008    -895.733    -188.553
 P:Y          447.1429    306.669      1.458      0.183    -260.037    1154.323
 ==============================================================================
 Omnibus:                        0.323   Durbin-Watson:                   1.823
 Prob(Omnibus):                  0.851   Jarque-Bera (JB):                0.003
 Skew:                          -0.021   Prob(JB):                        0.998
 Kurtosis:                       2.954   Cond. No.                         153.
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 """}








Pareto Plot

Parato plot facilitate the visualization of most relevant terms in each model according to the value of t-student distribution statistics and its corresponding p-value. The vertical line shows up the t value corresponding to the standard significance of 0.05


[4]:





from explann.plot import ParetoPlot

pp_24 = ParetoPlot(fm_24)
pp_24.plot(figsize=(5,5),alpha=0.1, attribute='anova')








[4]:







{'F_full': <Axes: title={'center': 'F_full'}>,
 'CM_full': <Axes: title={'center': 'CM_full'}>,
 'B_full': <Axes: title={'center': 'B_full'}>,
 'F_sorder': <Axes: title={'center': 'F_sorder'}>,
 'CM_sorder': <Axes: title={'center': 'CM_sorder'}>,
 'B_sorder': <Axes: title={'center': 'B_sorder'}>}
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[5]:





fm_24.get_significant_model_functions(alpha=0.05, use_anova=True)








[5]:







{'F_full': 'F ~ U + A + U:A + P + Y + A:Y + U:A:Y + U:P:Y + A:P:Y + 1',
 'CM_full': 'CM ~ U + U:A + U:A:Y + 1',
 'B_full': 'B ~ U + A + U:A + P + U:P + A:P + U:A:P + Y + A:Y + U:A:Y + P:Y + U:P:Y + A:P:Y + U:A:P:Y + 1',
 'F_sorder': 'F ~ U + A + U:A + P + Y + A:Y + U:A:Y + U:P:Y + A:P:Y + 1',
 'CM_sorder': 'CM ~ U + 1',
 'B_sorder': 'B ~ A + Y + A:Y + 1'}







[6]:





fm_24.build_significant_models(use_anova=True).functions








[6]:







{'F_full': 'F ~ U + A + U:A + P + Y + A:Y + U:A:Y + U:P:Y + A:P:Y + 1',
 'CM_full': 'CM ~ U + U:A + U:A:Y + 1',
 'B_full': 'B ~ U + A + U:A + P + U:P + A:P + U:A:P + Y + A:Y + U:A:Y + P:Y + U:P:Y + A:P:Y + U:A:P:Y + 1',
 'F_sorder': 'F ~ U + A + U:A + P + Y + A:Y + U:A:Y + U:P:Y + A:P:Y + 1',
 'CM_sorder': 'CM ~ U + 1',
 'B_sorder': 'B ~ A + Y + A:Y + 1'}






W can use a significance value of 0.05 to retain only relavant termos for each model.


[7]:





fm_24.get_significant_model_functions()








[7]:







{'F_full': 'F ~ Y + U:Y + P:Y',
 'CM_full': 'CM ~ U:A:Y',
 'B_full': 'B ~ 1 + U + A + U:A + U:P + U:A:P + U:Y + A:Y + U:A:Y + P:Y + U:A:P:Y',
 'F_sorder': 'F ~ Y + U:Y + P:Y',
 'CM_sorder': 'CM ~ ',
 'B_sorder': 'B ~ A + A:Y'}







[8]:





fm_24.model








[8]:







{'F_full': <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x7f2f505fbf50>,
 'CM_full': <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x7f2f94636c10>,
 'B_full': <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x7f2f94640150>,
 'F_sorder': <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x7f2f9464fed0>,
 'CM_sorder': <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x7f2f94653d10>,
 'B_sorder': <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x7f2f94653d90>}







[9]:





from explann.plot import LinearRegDiagnostic

for name, model in fm_24.model.items():
    cls = LinearRegDiagnostic(model)
    vif, fig, ax = cls()
    print(name)
    print(vif)
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F_full
     Features  VIF Factor
4           P      129.04
8           Y      139.83
1           U      144.31
2           A      144.31
12        P:Y      243.86
5         U:P      247.55
6         A:P      247.55
9         U:Y      256.18
10        A:Y      256.18
3         U:A      259.77
13      U:P:Y      339.41
14      A:P:Y      339.41
7       U:A:P      342.35
11      U:A:Y      349.26
15    U:A:P:Y      415.84
0   Intercept      856.71
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CM_full
     Features  VIF Factor
4           P      129.04
8           Y      139.83
1           U      144.31
2           A      144.31
12        P:Y      243.86
5         U:P      247.55
6         A:P      247.55
9         U:Y      256.18
10        A:Y      256.18
3         U:A      259.77
13      U:P:Y      339.41
14      A:P:Y      339.41
7       U:A:P      342.35
11      U:A:Y      349.26
15    U:A:P:Y      415.84
0   Intercept      856.71
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B_full
     Features  VIF Factor
4           P      129.04
8           Y      139.83
1           U      144.31
2           A      144.31
12        P:Y      243.86
5         U:P      247.55
6         A:P      247.55
9         U:Y      256.18
10        A:Y      256.18
3         U:A      259.77
13      U:P:Y      339.41
14      A:P:Y      339.41
7       U:A:P      342.35
11      U:A:Y      349.26
15    U:A:P:Y      415.84
0   Intercept      856.71
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F_sorder
     Features  VIF Factor
4           P      129.04
8           Y      139.83
1           U      144.31
2           A      144.31
12        P:Y      243.86
5         U:P      247.55
6         A:P      247.55
9         U:Y      256.18
10        A:Y      256.18
3         U:A      259.77
13      U:P:Y      339.41
14      A:P:Y      339.41
7       U:A:P      342.35
11      U:A:Y      349.26
15    U:A:P:Y      415.84
0   Intercept      856.71
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CM_sorder
     Features  VIF Factor
5         U:A        9.00
7         U:Y        9.16
9         A:Y        9.16
6         U:P        9.59
8         A:P        9.59
10        P:Y        9.75
3           P       13.16
4           Y       13.60
1           U       13.75
2           A       13.75
0   Intercept      145.77
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B_sorder
     Features  VIF Factor
5         U:A        9.00
7         U:Y        9.16
9         A:Y        9.16
6         U:P        9.59
8         A:P        9.59
10        P:Y        9.75
3           P       13.16
4           Y       13.60
1           U       13.75
2           A       13.75
0   Intercept      145.77







[10]:





import statsmodels.api as sm

model = fm_24['F_sorder']
fig = sm.graphics.plot_partregress_grid(model)
fig.tight_layout(pad=1.0)













/home/ppiper/micromamba/envs/explann/lib/python3.11/site-packages/statsmodels/graphics/regressionplots.py:566: UserWarning: Tight layout not applied. tight_layout cannot make axes height small enough to accommodate all axes decorations.
  fig.tight_layout()
/tmp/ipykernel_186602/3087771807.py:5: UserWarning: Tight layout not applied. tight_layout cannot make axes height small enough to accommodate all axes decorations.
  fig.tight_layout(pad=1.0)
/tmp/ipykernel_186602/3087771807.py:5: UserWarning: The figure layout has changed to tight
  fig.tight_layout(pad=1.0)
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[11]:





fig = sm.graphics.plot_ccpr_grid(model)
fig.tight_layout()













/home/ppiper/micromamba/envs/explann/lib/python3.11/site-packages/statsmodels/graphics/regressionplots.py:744: UserWarning: Tight layout not applied. tight_layout cannot make axes height small enough to accommodate all axes decorations.
  fig.tight_layout()
/tmp/ipykernel_186602/1833133689.py:2: UserWarning: Tight layout not applied. tight_layout cannot make axes height small enough to accommodate all axes decorations.
  fig.tight_layout()
/tmp/ipykernel_186602/1833133689.py:2: UserWarning: The figure layout has changed to tight
  fig.tight_layout()
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[12]:





fm_24.anova('F')













---------------------------------------------------------------------------
KeyError                                  Traceback (most recent call last)
Cell In[12], line 1
----> 1 fm_24.anova('F')

File ~/Dropbox/local/github/explann/explann/models.py:195, in FactorialModel.anova(self, function)
    193     return return_dict
    194 else:
--> 195     return anova_lm(self.model[function])

KeyError: 'F'







[ ]:





alpha = 0.05
model = fm_24['F']
attribute = 'tvalues'
ascending = True
import numpy as np
sorted_tvalues = model.__getattribute__(attribute).abs().sort_values(ascending=ascending)
sorted_index = sorted_tvalues.index
sorted_pvalues = model.__getattribute__('pvalues')[sorted_index]
t_value = np.interp(np.log(alpha), np.log(sorted_pvalues),np.log(sorted_tvalues))
t_value













3.7486322821612763







[ ]:





from explann.plot import ParetoPlot
pp = ParetoPlot(fm_24)
pp.plot(attribute='tvalues')













{'F': <Axes: title={'center': 'F'}>,
 'CM': <Axes: title={'center': 'CM'}>,
 'B': <Axes: title={'center': 'B'}>}
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[ ]:





fm_24.get_significant_model_functions()













{'CM': 'CM ~ 1 + U',
 'B': 'B ~ 1 + A + Y + A:Y',
 'F': 'F ~ 1 + U + A + U:A + P + Y + A:Y + U:A:Y + U:P:Y + A:P:Y'}







[ ]:





fm_24.get_significant_model_functions()













{'CM': 'CM ~ 1 + U',
 'B': 'B ~ 1 + A + Y + A:Y',
 'F': 'F ~ 1 + U + A + U:A + P + Y + A:Y + U:A:Y + U:P:Y + A:P:Y'}







[ ]:





sig_fm_24 = fm_24.build_significant_models()
sig_fm_24.summary()













/home/ppiper/micromamba/envs/explann/lib/python3.11/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "
/home/ppiper/micromamba/envs/explann/lib/python3.11/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "
/home/ppiper/micromamba/envs/explann/lib/python3.11/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "












{'CM': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                     CM   R-squared:                       0.724
 Model:                            OLS   Adj. R-squared:                  0.707
 Method:                 Least Squares   F-statistic:                     44.50
 Date:                Fri, 28 Jul 2023   Prob (F-statistic):           3.94e-06
 Time:                        16:33:28   Log-Likelihood:                 7.4576
 No. Observations:                  19   AIC:                            -10.92
 Df Residuals:                      17   BIC:                            -9.026
 Df Model:                           1
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept      1.6718      0.040     42.181      0.000       1.588       1.755
 U              0.2881      0.043      6.671      0.000       0.197       0.379
 ==============================================================================
 Omnibus:                        0.976   Durbin-Watson:                   1.779
 Prob(Omnibus):                  0.614   Jarque-Bera (JB):                0.739
 Skew:                           0.013   Prob(JB):                        0.691
 Kurtosis:                       2.034   Cond. No.                         1.09
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 """,
 'B': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                      B   R-squared:                       0.790
 Model:                            OLS   Adj. R-squared:                  0.748
 Method:                 Least Squares   F-statistic:                     18.80
 Date:                Fri, 28 Jul 2023   Prob (F-statistic):           2.42e-05
 Time:                        16:33:28   Log-Likelihood:                -102.42
 No. Observations:                  19   AIC:                             212.8
 Df Residuals:                      15   BIC:                             216.6
 Df Model:                           3
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept    223.5263     13.706     16.309      0.000     194.313     252.740
 A             78.1875     14.936      5.235      0.000      46.353     110.022
 Y            -64.9375     14.936     -4.348      0.001     -96.772     -33.103
 A:Y          -47.4375     14.936     -3.176      0.006     -79.272     -15.603
 ==============================================================================
 Omnibus:                        0.520   Durbin-Watson:                   1.872
 Prob(Omnibus):                  0.771   Jarque-Bera (JB):                0.135
 Skew:                          -0.205   Prob(JB):                        0.935
 Kurtosis:                       2.952   Cond. No.                         1.09
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 """,
 'F': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                      F   R-squared:                       0.924
 Model:                            OLS   Adj. R-squared:                  0.847
 Method:                 Least Squares   F-statistic:                     12.08
 Date:                Fri, 28 Jul 2023   Prob (F-statistic):           0.000499
 Time:                        16:33:28   Log-Likelihood:                -70.868
 No. Observations:                  19   AIC:                             161.7
 Df Residuals:                       9   BIC:                             171.2
 Df Model:                           9
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept     78.5789      3.361     23.377      0.000      70.975      86.183
 U             27.0625      3.663      7.388      0.000      18.776      35.349
 A             -8.4375      3.663     -2.303      0.047     -16.724      -0.151
 U:A           -8.0625      3.663     -2.201      0.055     -16.349       0.224
 P              9.6875      3.663      2.645      0.027       1.401      17.974
 Y             12.5625      3.663      3.430      0.008       4.276      20.849
 A:Y          -11.3125      3.663     -3.088      0.013     -19.599      -3.026
 U:A:Y         -8.1875      3.663     -2.235      0.052     -16.474       0.099
 U:P:Y         -7.5625      3.663     -2.065      0.069     -15.849       0.724
 A:P:Y         -9.3125      3.663     -2.542      0.032     -17.599      -1.026
 ==============================================================================
 Omnibus:                        0.222   Durbin-Watson:                   1.718
 Prob(Omnibus):                  0.895   Jarque-Bera (JB):                0.374
 Skew:                          -0.200   Prob(JB):                        0.830
 Kurtosis:                       2.441   Cond. No.                         1.09
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 """}







[ ]:





fm_24.lack_of_fit('F')














  
    
    

    Loading Data
    

    

    

    
 
  

    
      
          
            
  
Loading Data

Data is contained in a single .xlsx file with multiple sheets


[1]:





from explann.dataio import ImportXLSX

data_path = '../../data/doe_nozzle.xlsx'

data = ImportXLSX(path=data_path)

X = data.data['p0in']
Y = data.data['T0in']
Z = data.data['qbar']

Z









[1]:







1      107182.125079
2       72856.666941
3      220036.021654
4       75015.223228
5      226716.545276
           ...
170    928137.345000
171    508881.386875
172    891737.087500
173    499829.163125
174    456218.413125
Name: qbar, Length: 174, dtype: float64







[2]:





import matplotlib.pyplot as plt

# Plot X,Y,Z
fig = plt.figure()
ax = fig.add_subplot(111, projection='3d')
ax.plot_trisurf(X, Y, Z, color='white', edgecolors='grey', alpha=0.5)
ax.scatter(X, Y, Z, c='red')
plt.show()













/home/ppiper/micromamba/envs/explann/lib/python3.9/site-packages/pandas/core/series.py:917: RuntimeWarning: invalid value encountered in cast
  arr = np.asarray(values, dtype=dtype)
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Building Models


\(2^4\) Factorial Experiment

To build a full factorial desing with all interactions we just use the syntax U*A*P*Y for all the three response variables.

In the first experiment all independent variables was considered relevant on a factorial design with two levels and three central points. The data generated in the experiments are collected in the table below


[5]:






from explann.models import FactorialModel

data_24 = ImportXLSX(
    path="/home/ppiper/Dropbox/local/github/explann/data/paper_data.xlsx",
)

fm_24 = FactorialModel(
    data=data_24.data,
    functions=
    {
        "F_full" : "F ~ U * A * P * Y",
        "CM_full" : "CM ~ U * A * P * Y",
        "B_full" : "B ~ U * A * P * Y",
        "F_sorder" : "F ~ (U * A * P * Y)**2",
        "CM_sorder" : "CM ~ (U + A + P + Y)**2",
        "B_sorder" : "B ~ (U + A + P + Y)**2",

    },
    #cov_type="HC0",
)







The summary() method shows up the coefficients and p-values of variables.
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fm_24.summary()













/home/ppiper/micromamba/envs/explann/lib/python3.9/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "
/home/ppiper/micromamba/envs/explann/lib/python3.9/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "
/home/ppiper/micromamba/envs/explann/lib/python3.9/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "
/home/ppiper/micromamba/envs/explann/lib/python3.9/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "
/home/ppiper/micromamba/envs/explann/lib/python3.9/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "
/home/ppiper/micromamba/envs/explann/lib/python3.9/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "
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{'F_full': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                      F   R-squared:                       0.992
 Model:                            OLS   Adj. R-squared:                  0.954
 Method:                 Least Squares   F-statistic:                     25.70
 Date:                Mon, 14 Aug 2023   Prob (F-statistic):             0.0107
 Time:                        22:19:56   Log-Likelihood:                -49.091
 No. Observations:                  19   AIC:                             130.2
 Df Residuals:                       3   BIC:                             145.3
 Df Model:                          15
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept     78.5789      1.851     42.463      0.000      72.690      84.468
 U             27.0625      2.017     13.420      0.001      20.645      33.480
 A             -8.4375      2.017     -4.184      0.025     -14.855      -2.020
 U:A           -8.0625      2.017     -3.998      0.028     -14.480      -1.645
 P              9.6875      2.017      4.804      0.017       3.270      16.105
 U:P           -2.9375      2.017     -1.457      0.241      -9.355       3.480
 A:P           -4.6875      2.017     -2.324      0.103     -11.105       1.730
 U:A:P          5.6875      2.017      2.820      0.067      -0.730      12.105
 Y             12.5625      2.017      6.230      0.008       6.145      18.980
 U:Y            4.6875      2.017      2.324      0.103      -1.730      11.105
 A:Y          -11.3125      2.017     -5.610      0.011     -17.730      -4.895
 U:A:Y         -8.1875      2.017     -4.060      0.027     -14.605      -1.770
 P:Y            4.8125      2.017      2.386      0.097      -1.605      11.230
 U:P:Y         -7.5625      2.017     -3.750      0.033     -13.980      -1.145
 A:P:Y         -9.3125      2.017     -4.618      0.019     -15.730      -2.895
 U:A:P:Y       -0.6875      2.017     -0.341      0.756      -7.105       5.730
 ==============================================================================
 Omnibus:                       14.090   Durbin-Watson:                   2.047
 Prob(Omnibus):                  0.001   Jarque-Bera (JB):               27.071
 Skew:                           0.726   Prob(JB):                     1.32e-06
 Kurtosis:                       8.664   Cond. No.                         1.09
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 """,
 'CM_full': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                     CM   R-squared:                       0.986
 Model:                            OLS   Adj. R-squared:                  0.917
 Method:                 Least Squares   F-statistic:                     14.24
 Date:                Mon, 14 Aug 2023   Prob (F-statistic):             0.0250
 Time:                        22:19:56   Log-Likelihood:                 35.898
 No. Observations:                  19   AIC:                            -39.80
 Df Residuals:                       3   BIC:                            -24.69
 Df Model:                          15
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept      1.6718      0.021     79.166      0.000       1.605       1.739
 U              0.2881      0.023     12.520      0.001       0.215       0.361
 A             -0.0364      0.023     -1.581      0.212      -0.110       0.037
 U:A           -0.0932      0.023     -4.052      0.027      -0.166      -0.020
 P              0.0239      0.023      1.037      0.376      -0.049       0.097
 U:P            0.0328      0.023      1.423      0.250      -0.040       0.106
 A:P           -0.0610      0.023     -2.651      0.077      -0.134       0.012
 U:A:P         -0.0331      0.023     -1.439      0.246      -0.106       0.040
 Y              0.0271      0.023      1.179      0.323      -0.046       0.100
 U:Y            0.0240      0.023      1.043      0.374      -0.049       0.097
 A:Y            0.0028      0.023      0.119      0.912      -0.070       0.076
 U:A:Y         -0.0819      0.023     -3.558      0.038      -0.155      -0.009
 P:Y           -0.0210      0.023     -0.913      0.429      -0.094       0.052
 U:P:Y          0.0231      0.023      1.005      0.389      -0.050       0.096
 A:P:Y          0.0491      0.023      2.135      0.122      -0.024       0.122
 U:A:P:Y        0.0473      0.023      2.053      0.132      -0.026       0.120
 ==============================================================================
 Omnibus:                       19.927   Durbin-Watson:                   0.346
 Prob(Omnibus):                  0.000   Jarque-Bera (JB):               20.834
 Skew:                           2.121   Prob(JB):                     2.99e-05
 Kurtosis:                       5.884   Cond. No.                         1.09
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 """,
 'B_full': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                      B   R-squared:                       1.000
 Model:                            OLS   Adj. R-squared:                  0.999
 Method:                 Least Squares   F-statistic:                     1867.
 Date:                Mon, 14 Aug 2023   Prob (F-statistic):           1.80e-05
 Time:                        22:19:56   Log-Likelihood:                -30.403
 No. Observations:                  19   AIC:                             92.81
 Df Residuals:                       3   BIC:                             107.9
 Df Model:                          15
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept    223.5263      0.692    322.991      0.000     221.324     225.729
 U             -7.3125      0.754     -9.696      0.002      -9.713      -4.912
 A             78.1875      0.754    103.677      0.000      75.787      80.588
 U:A          -24.8125      0.754    -32.901      0.000     -27.213     -22.412
 P            -10.8125      0.754    -14.337      0.001     -13.213      -8.412
 U:P            8.4375      0.754     11.188      0.002       6.037      10.838
 A:P          -25.8125      0.754    -34.227      0.000     -28.213     -23.412
 U:A:P        -20.5625      0.754    -27.266      0.000     -22.963     -18.162
 Y            -64.9375      0.754    -86.107      0.000     -67.338     -62.537
 U:Y            0.0625      0.754      0.083      0.939      -2.338       2.463
 A:Y          -47.4375      0.754    -62.902      0.000     -49.838     -45.037
 U:A:Y        -17.4375      0.754    -23.122      0.000     -19.838     -15.037
 P:Y           19.5625      0.754     25.940      0.000      17.162      21.963
 U:P:Y         13.3125      0.754     17.652      0.000      10.912      15.713
 A:P:Y         21.5625      0.754     28.592      0.000      19.162      23.963
 U:A:P:Y        8.3125      0.754     11.022      0.002       5.912      10.713
 ==============================================================================
 Omnibus:                       31.293   Durbin-Watson:                   2.398
 Prob(Omnibus):                  0.000   Jarque-Bera (JB):               77.186
 Skew:                          -2.374   Prob(JB):                     1.73e-17
 Kurtosis:                      11.658   Cond. No.                         1.09
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 """,
 'F_sorder': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                      F   R-squared:                       0.992
 Model:                            OLS   Adj. R-squared:                  0.954
 Method:                 Least Squares   F-statistic:                     25.70
 Date:                Mon, 14 Aug 2023   Prob (F-statistic):             0.0107
 Time:                        22:19:56   Log-Likelihood:                -49.091
 No. Observations:                  19   AIC:                             130.2
 Df Residuals:                       3   BIC:                             145.3
 Df Model:                          15
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept     78.5789      1.851     42.463      0.000      72.690      84.468
 U             27.0625      2.017     13.420      0.001      20.645      33.480
 A             -8.4375      2.017     -4.184      0.025     -14.855      -2.020
 U:A           -8.0625      2.017     -3.998      0.028     -14.480      -1.645
 P              9.6875      2.017      4.804      0.017       3.270      16.105
 U:P           -2.9375      2.017     -1.457      0.241      -9.355       3.480
 A:P           -4.6875      2.017     -2.324      0.103     -11.105       1.730
 U:A:P          5.6875      2.017      2.820      0.067      -0.730      12.105
 Y             12.5625      2.017      6.230      0.008       6.145      18.980
 U:Y            4.6875      2.017      2.324      0.103      -1.730      11.105
 A:Y          -11.3125      2.017     -5.610      0.011     -17.730      -4.895
 U:A:Y         -8.1875      2.017     -4.060      0.027     -14.605      -1.770
 P:Y            4.8125      2.017      2.386      0.097      -1.605      11.230
 U:P:Y         -7.5625      2.017     -3.750      0.033     -13.980      -1.145
 A:P:Y         -9.3125      2.017     -4.618      0.019     -15.730      -2.895
 U:A:P:Y       -0.6875      2.017     -0.341      0.756      -7.105       5.730
 ==============================================================================
 Omnibus:                       14.090   Durbin-Watson:                   2.047
 Prob(Omnibus):                  0.001   Jarque-Bera (JB):               27.071
 Skew:                           0.726   Prob(JB):                     1.32e-06
 Kurtosis:                       8.664   Cond. No.                         1.09
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 """,
 'CM_sorder': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                     CM   R-squared:                       0.873
 Model:                            OLS   Adj. R-squared:                  0.714
 Method:                 Least Squares   F-statistic:                     5.499
 Date:                Mon, 14 Aug 2023   Prob (F-statistic):             0.0119
 Time:                        22:19:56   Log-Likelihood:                 14.846
 No. Observations:                  19   AIC:                            -7.692
 Df Residuals:                       8   BIC:                             2.697
 Df Model:                          10
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept      1.6718      0.039     42.690      0.000       1.582       1.762
 U              0.2881      0.043      6.751      0.000       0.190       0.387
 A             -0.0364      0.043     -0.852      0.419      -0.135       0.062
 P              0.0239      0.043      0.559      0.591      -0.075       0.122
 Y              0.0271      0.043      0.636      0.543      -0.071       0.126
 U:A           -0.0932      0.043     -2.185      0.060      -0.192       0.005
 U:P            0.0328      0.043      0.767      0.465      -0.066       0.131
 U:Y            0.0240      0.043      0.562      0.589      -0.074       0.122
 A:P           -0.0610      0.043     -1.429      0.191      -0.159       0.037
 A:Y            0.0028      0.043      0.064      0.950      -0.096       0.101
 P:Y           -0.0210      0.043     -0.492      0.636      -0.119       0.077
 ==============================================================================
 Omnibus:                        0.510   Durbin-Watson:                   1.656
 Prob(Omnibus):                  0.775   Jarque-Bera (JB):                0.598
 Skew:                          -0.294   Prob(JB):                        0.742
 Kurtosis:                       2.360   Cond. No.                         1.09
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 """,
 'B_sorder': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                      B   R-squared:                       0.910
 Model:                            OLS   Adj. R-squared:                  0.797
 Method:                 Least Squares   F-statistic:                     8.049
 Date:                Mon, 14 Aug 2023   Prob (F-statistic):            0.00347
 Time:                        22:19:56   Log-Likelihood:                -94.414
 No. Observations:                  19   AIC:                             210.8
 Df Residuals:                       8   BIC:                             221.2
 Df Model:                          10
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept    223.5263     12.311     18.156      0.000     195.137     251.916
 U             -7.3125     13.416     -0.545      0.601     -38.249      23.624
 A             78.1875     13.416      5.828      0.000      47.251     109.124
 P            -10.8125     13.416     -0.806      0.444     -41.749      20.124
 Y            -64.9375     13.416     -4.840      0.001     -95.874     -34.001
 U:A          -24.8125     13.416     -1.850      0.102     -55.749       6.124
 U:P            8.4375     13.416      0.629      0.547     -22.499      39.374
 U:Y            0.0625     13.416      0.005      0.996     -30.874      30.999
 A:P          -25.8125     13.416     -1.924      0.091     -56.749       5.124
 A:Y          -47.4375     13.416     -3.536      0.008     -78.374     -16.501
 P:Y           19.5625     13.416      1.458      0.183     -11.374      50.499
 ==============================================================================
 Omnibus:                        0.322   Durbin-Watson:                   1.825
 Prob(Omnibus):                  0.851   Jarque-Bera (JB):                0.002
 Skew:                           0.014   Prob(JB):                        0.999
 Kurtosis:                       2.954   Cond. No.                         1.09
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 """}








Pareto Plot

Parato plot facilitate the visualization of most relevant terms in each model according to the value of t-student distribution statistics and its corresponding p-value. The vertical line shows up the t value corresponding to the standard significance of 0.05
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from explann.plot import ParetoPlot

pp_24 = ParetoPlot(fm_24)
pp_24.plot(figsize=(5,5),alpha=0.1, attribute='anova')








[8]:







{'F_full': <Axes: title={'center': 'F_full'}>,
 'CM_full': <Axes: title={'center': 'CM_full'}>,
 'B_full': <Axes: title={'center': 'B_full'}>,
 'F_sorder': <Axes: title={'center': 'F_sorder'}>,
 'CM_sorder': <Axes: title={'center': 'CM_sorder'}>,
 'B_sorder': <Axes: title={'center': 'B_sorder'}>}
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fm_24.get_significant_model_functions(alpha=0.05, use_anova=True)








[9]:







{'F_full': 'F ~ U + A + U:A + P + Y + A:Y + U:A:Y + U:P:Y + A:P:Y + 1',
 'CM_full': 'CM ~ U + U:A + U:A:Y + 1',
 'B_full': 'B ~ U + A + U:A + P + U:P + A:P + U:A:P + Y + A:Y + U:A:Y + P:Y + U:P:Y + A:P:Y + U:A:P:Y + 1',
 'F_sorder': 'F ~ U + A + U:A + P + Y + A:Y + U:A:Y + U:P:Y + A:P:Y + 1',
 'CM_sorder': 'CM ~ U + 1',
 'B_sorder': 'B ~ A + Y + A:Y + 1'}
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fm_24.build_significant_models(use_anova=True).functions
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{'F_full': 'F ~ U + A + U:A + P + Y + A:Y + U:A:Y + U:P:Y + A:P:Y + 1',
 'CM_full': 'CM ~ U + U:A + U:A:Y + 1',
 'B_full': 'B ~ U + A + U:A + P + U:P + A:P + U:A:P + Y + A:Y + U:A:Y + P:Y + U:P:Y + A:P:Y + U:A:P:Y + 1',
 'F_sorder': 'F ~ U + A + U:A + P + Y + A:Y + U:A:Y + U:P:Y + A:P:Y + 1',
 'CM_sorder': 'CM ~ U + 1',
 'B_sorder': 'B ~ A + Y + A:Y + 1'}






W can use a significance value of 0.05 to retain only relavant termos for each model.
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fm_24.get_significant_model_functions()
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{'F_full': 'F ~ 1 + U + A + U:A + P + Y + A:Y + U:A:Y + U:P:Y + A:P:Y',
 'CM_full': 'CM ~ 1 + U + U:A + U:A:Y',
 'B_full': 'B ~ 1 + U + A + U:A + P + U:P + A:P + U:A:P + Y + A:Y + U:A:Y + P:Y + U:P:Y + A:P:Y + U:A:P:Y',
 'F_sorder': 'F ~ 1 + U + A + U:A + P + Y + A:Y + U:A:Y + U:P:Y + A:P:Y',
 'CM_sorder': 'CM ~ 1 + U',
 'B_sorder': 'B ~ 1 + A + Y + A:Y'}
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fm_24.model
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{'F_full': <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x7fe9da070430>,
 'CM_full': <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x7fe9d9ee2ee0>,
 'B_full': <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x7fe9d9ecf130>,
 'F_sorder': <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x7fe9d9d37d60>,
 'CM_sorder': <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x7fe9d9d37670>,
 'B_sorder': <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x7fe9d9d3d2b0>}
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from explann.plot import LinearRegDiagnostic

for name, model in fm_24.model.items():
    cls = LinearRegDiagnostic(model)
    vif, fig, ax = cls()
    print(name)
    print(vif)
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F_full
     Features  VIF Factor
0   Intercept         1.0
1           U         1.0
2           A         1.0
3         U:A         1.0
4           P         1.0
5         U:P         1.0
6         A:P         1.0
7       U:A:P         1.0
8           Y         1.0
9         U:Y         1.0
11      U:A:Y         1.0
12        P:Y         1.0
13      U:P:Y         1.0
14      A:P:Y         1.0
15    U:A:P:Y         1.0
10        A:Y         1.0
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CM_full
     Features  VIF Factor
0   Intercept         1.0
1           U         1.0
2           A         1.0
3         U:A         1.0
4           P         1.0
5         U:P         1.0
6         A:P         1.0
7       U:A:P         1.0
8           Y         1.0
9         U:Y         1.0
11      U:A:Y         1.0
12        P:Y         1.0
13      U:P:Y         1.0
14      A:P:Y         1.0
15    U:A:P:Y         1.0
10        A:Y         1.0
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B_full
     Features  VIF Factor
0   Intercept         1.0
1           U         1.0
2           A         1.0
3         U:A         1.0
4           P         1.0
5         U:P         1.0
6         A:P         1.0
7       U:A:P         1.0
8           Y         1.0
9         U:Y         1.0
11      U:A:Y         1.0
12        P:Y         1.0
13      U:P:Y         1.0
14      A:P:Y         1.0
15    U:A:P:Y         1.0
10        A:Y         1.0
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F_sorder
     Features  VIF Factor
0   Intercept         1.0
1           U         1.0
2           A         1.0
3         U:A         1.0
4           P         1.0
5         U:P         1.0
6         A:P         1.0
7       U:A:P         1.0
8           Y         1.0
9         U:Y         1.0
11      U:A:Y         1.0
12        P:Y         1.0
13      U:P:Y         1.0
14      A:P:Y         1.0
15    U:A:P:Y         1.0
10        A:Y         1.0
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CM_sorder
     Features  VIF Factor
0   Intercept         1.0
1           U         1.0
3           P         1.0
4           Y         1.0
5         U:A         1.0
6         U:P         1.0
8         A:P         1.0
9         A:Y         1.0
10        P:Y         1.0
2           A         1.0
7         U:Y         1.0
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B_sorder
     Features  VIF Factor
0   Intercept         1.0
1           U         1.0
3           P         1.0
4           Y         1.0
5         U:A         1.0
6         U:P         1.0
8         A:P         1.0
9         A:Y         1.0
10        P:Y         1.0
2           A         1.0
7         U:Y         1.0
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import statsmodels.api as sm

model = fm_24['F_sorder']
fig = sm.graphics.plot_partregress_grid(model)
fig.tight_layout(pad=1.0)













/home/ppiper/micromamba/envs/explann/lib/python3.9/site-packages/statsmodels/graphics/regressionplots.py:566: UserWarning: Tight layout not applied. tight_layout cannot make axes height small enough to accommodate all axes decorations.
  fig.tight_layout()
/tmp/ipykernel_62311/3087771807.py:5: UserWarning: Tight layout not applied. tight_layout cannot make axes height small enough to accommodate all axes decorations.
  fig.tight_layout(pad=1.0)
/tmp/ipykernel_62311/3087771807.py:5: UserWarning: The figure layout has changed to tight
  fig.tight_layout(pad=1.0)











[image: ../_images/notebooks_paper_using_explann_copy_15_1.png]





[15]:





fig = sm.graphics.plot_ccpr_grid(model)
fig.tight_layout()













/home/ppiper/micromamba/envs/explann/lib/python3.9/site-packages/statsmodels/graphics/regressionplots.py:744: UserWarning: Tight layout not applied. tight_layout cannot make axes height small enough to accommodate all axes decorations.
  fig.tight_layout()
/tmp/ipykernel_62311/1833133689.py:2: UserWarning: Tight layout not applied. tight_layout cannot make axes height small enough to accommodate all axes decorations.
  fig.tight_layout()
/tmp/ipykernel_62311/1833133689.py:2: UserWarning: The figure layout has changed to tight
  fig.tight_layout()
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fm_24.anova()
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{'F_full':            df        sum_sq       mean_sq           F    PR(>F)
 U         1.0  11718.062500  11718.062500  180.098637  0.000895
 A         1.0   1139.062500   1139.062500   17.506615  0.024881
 U:A       1.0   1040.062500   1040.062500   15.985052  0.028043
 P         1.0   1501.562500   1501.562500   23.077993  0.017170
 U:P       1.0    138.062500    138.062500    2.121927  0.241243
 A:P       1.0    351.562500    351.562500    5.403276  0.102662
 U:A:P     1.0    517.562500    517.562500    7.954583  0.066717
 Y         1.0   2525.062500   2525.062500   38.808490  0.008341
 U:Y       1.0    351.562500    351.562500    5.403276  0.102662
 A:Y       1.0   2047.562500   2047.562500   31.469641  0.011196
 U:A:Y     1.0   1072.562500   1072.562500   16.484555  0.026934
 P:Y       1.0    370.562500    370.562500    5.695293  0.097049
 U:P:Y     1.0    915.062500    915.062500   14.063887  0.033112
 A:P:Y     1.0   1387.562500   1387.562500   21.325890  0.019110
 U:A:P:Y   1.0      7.562500      7.562500    0.116230  0.755639
 Residual  3.0    195.194079     65.064693         NaN       NaN,
 'CM_full':            df    sum_sq   mean_sq           F    PR(>F)
 U         1.0  1.328256  1.328256  156.753983  0.001098
 A         1.0  0.021170  0.021170    2.498404  0.212096
 U:A       1.0  0.139129  0.139129   16.419290  0.027075
 P         1.0  0.009120  0.009120    1.076325  0.375801
 U:P       1.0  0.017161  0.017161    2.025253  0.249872
 A:P       1.0  0.059536  0.059536    7.026133  0.076949
 U:A:P     1.0  0.017556  0.017556    2.071898  0.245642
 Y         1.0  0.011772  0.011772    1.389301  0.323498
 U:Y       1.0  0.009216  0.009216    1.087625  0.373644
 A:Y       1.0  0.000121  0.000121    0.014280  0.912434
 U:A:Y     1.0  0.107256  0.107256   12.657832  0.037880
 P:Y       1.0  0.007056  0.007056    0.832713  0.428774
 U:P:Y     1.0  0.008556  0.008556    1.009765  0.388993
 A:P:Y     1.0  0.038612  0.038612    4.556819  0.122469
 U:A:P:Y   1.0  0.035721  0.035721    4.215609  0.132357
 Residual  3.0  0.025421  0.008474         NaN       NaN,
 'B_full':            df        sum_sq       mean_sq             F    PR(>F)
 U         1.0    855.562500    855.562500     94.020123  0.002329
 A         1.0  97812.562500  97812.562500  10748.892276  0.000002
 U:A       1.0   9850.562500   9850.562500   1082.505483  0.000062
 P         1.0   1870.562500   1870.562500    205.561272  0.000735
 U:P       1.0   1139.062500   1139.062500    125.174720  0.001531
 A:P       1.0  10660.562500  10660.562500   1171.518617  0.000055
 U:A:P     1.0   6765.062500   6765.062500    743.431377  0.000108
 Y         1.0  67470.062500  67470.062500   7414.471262  0.000003
 U:Y       1.0      0.062500      0.062500      0.006868  0.939171
 A:Y       1.0  36005.062500  36005.062500   3956.695626  0.000009
 U:A:Y     1.0   4865.062500   4865.062500    534.635137  0.000177
 P:Y       1.0   6123.062500   6123.062500    672.880227  0.000126
 U:P:Y     1.0   2835.562500   2835.562500    311.607784  0.000396
 A:P:Y     1.0   7439.062500   7439.062500    817.499096  0.000094
 U:A:P:Y   1.0   1105.562500   1105.562500    121.493312  0.001599
 Residual  3.0     27.299342      9.099781           NaN       NaN,
 'F_sorder':            df        sum_sq       mean_sq           F    PR(>F)
 U         1.0  11718.062500  11718.062500  180.098637  0.000895
 A         1.0   1139.062500   1139.062500   17.506615  0.024881
 U:A       1.0   1040.062500   1040.062500   15.985052  0.028043
 P         1.0   1501.562500   1501.562500   23.077993  0.017170
 U:P       1.0    138.062500    138.062500    2.121927  0.241243
 A:P       1.0    351.562500    351.562500    5.403276  0.102662
 U:A:P     1.0    517.562500    517.562500    7.954583  0.066717
 Y         1.0   2525.062500   2525.062500   38.808490  0.008341
 U:Y       1.0    351.562500    351.562500    5.403276  0.102662
 A:Y       1.0   2047.562500   2047.562500   31.469641  0.011196
 U:A:Y     1.0   1072.562500   1072.562500   16.484555  0.026934
 P:Y       1.0    370.562500    370.562500    5.695293  0.097049
 U:P:Y     1.0    915.062500    915.062500   14.063887  0.033112
 A:P:Y     1.0   1387.562500   1387.562500   21.325890  0.019110
 U:A:P:Y   1.0      7.562500      7.562500    0.116230  0.755639
 Residual  3.0    195.194079     65.064693         NaN       NaN,
 'CM_sorder':            df    sum_sq   mean_sq          F    PR(>F)
 U         1.0  1.328256  1.328256  45.581395  0.000145
 A         1.0  0.021170  0.021170   0.726493  0.418806
 P         1.0  0.009120  0.009120   0.312977  0.591173
 Y         1.0  0.011772  0.011772   0.403985  0.542788
 U:A       1.0  0.139129  0.139129   4.774451  0.060385
 U:P       1.0  0.017161  0.017161   0.588909  0.464885
 U:Y       1.0  0.009216  0.009216   0.316263  0.589269
 A:P       1.0  0.059536  0.059536   2.043080  0.190764
 A:Y       1.0  0.000121  0.000121   0.004152  0.950202
 P:Y       1.0  0.007056  0.007056   0.242139  0.635884
 Residual  8.0  0.233123  0.029140        NaN       NaN,
 'B_sorder':            df        sum_sq      mean_sq          F    PR(>F)
 U         1.0    855.562500    855.56250   0.297101  0.600567
 A         1.0  97812.562500  97812.56250  33.966216  0.000392
 P         1.0   1870.562500   1870.56250   0.649568  0.443562
 Y         1.0  67470.062500  67470.06250  23.429534  0.001287
 U:A       1.0   9850.562500   9850.56250   3.420689  0.101553
 U:P       1.0   1139.062500   1139.06250   0.395549  0.546931
 U:Y       1.0      0.062500      0.06250   0.000022  0.996397
 A:P       1.0  10660.562500  10660.56250   3.701968  0.090548
 A:Y       1.0  36005.062500  36005.06250  12.503054  0.007665
 P:Y       1.0   6123.062500   6123.06250   2.126284  0.182903
 Residual  8.0  23037.611842   2879.70148        NaN       NaN}
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fm_24.functions
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{'F_full': 'F ~ U * A * P * Y',
 'CM_full': 'CM ~ U * A * P * Y',
 'B_full': 'B ~ U * A * P * Y',
 'F_sorder': 'F ~ (U * A * P * Y)**2',
 'CM_sorder': 'CM ~ (U + A + P + Y)**2',
 'B_sorder': 'B ~ (U + A + P + Y)**2'}
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alpha = 0.05
model = fm_24['F_full']
attribute = 'tvalues'
ascending = True
import numpy as np
sorted_tvalues = model.__getattribute__(attribute).abs().sort_values(ascending=ascending)
sorted_index = sorted_tvalues.index
sorted_pvalues = model.__getattribute__('pvalues')[sorted_index]
t_value = np.interp(np.log(alpha), np.log(sorted_pvalues),np.log(sorted_tvalues))
t_value
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3.7486322821612763
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from explann.plot import ParetoPlot
pp = ParetoPlot(fm_24)
pp.plot(attribute='tvalues')
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{'F_full': <Axes: title={'center': 'F_full'}>,
 'CM_full': <Axes: title={'center': 'CM_full'}>,
 'B_full': <Axes: title={'center': 'B_full'}>,
 'F_sorder': <Axes: title={'center': 'F_sorder'}>,
 'CM_sorder': <Axes: title={'center': 'CM_sorder'}>,
 'B_sorder': <Axes: title={'center': 'B_sorder'}>}
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fm_24.get_significant_model_functions()
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{'F_full': 'F ~ 1 + U + A + U:A + P + Y + A:Y + U:A:Y + U:P:Y + A:P:Y',
 'CM_full': 'CM ~ 1 + U + U:A + U:A:Y',
 'B_full': 'B ~ 1 + U + A + U:A + P + U:P + A:P + U:A:P + Y + A:Y + U:A:Y + P:Y + U:P:Y + A:P:Y + U:A:P:Y',
 'F_sorder': 'F ~ 1 + U + A + U:A + P + Y + A:Y + U:A:Y + U:P:Y + A:P:Y',
 'CM_sorder': 'CM ~ 1 + U',
 'B_sorder': 'B ~ 1 + A + Y + A:Y'}
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fm_24.get_significant_model_functions()
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{'F_full': 'F ~ 1 + U + A + U:A + P + Y + A:Y + U:A:Y + U:P:Y + A:P:Y',
 'CM_full': 'CM ~ 1 + U + U:A + U:A:Y',
 'B_full': 'B ~ 1 + U + A + U:A + P + U:P + A:P + U:A:P + Y + A:Y + U:A:Y + P:Y + U:P:Y + A:P:Y + U:A:P:Y',
 'F_sorder': 'F ~ 1 + U + A + U:A + P + Y + A:Y + U:A:Y + U:P:Y + A:P:Y',
 'CM_sorder': 'CM ~ 1 + U',
 'B_sorder': 'B ~ 1 + A + Y + A:Y'}
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sig_fm_24 = fm_24.build_significant_models()
sig_fm_24.summary()













/home/ppiper/micromamba/envs/explann/lib/python3.9/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "
/home/ppiper/micromamba/envs/explann/lib/python3.9/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "
/home/ppiper/micromamba/envs/explann/lib/python3.9/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "
/home/ppiper/micromamba/envs/explann/lib/python3.9/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "
/home/ppiper/micromamba/envs/explann/lib/python3.9/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "
/home/ppiper/micromamba/envs/explann/lib/python3.9/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "
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{'F_full': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                      F   R-squared:                       0.924
 Model:                            OLS   Adj. R-squared:                  0.847
 Method:                 Least Squares   F-statistic:                     12.08
 Date:                Mon, 14 Aug 2023   Prob (F-statistic):           0.000499
 Time:                        22:20:56   Log-Likelihood:                -70.868
 No. Observations:                  19   AIC:                             161.7
 Df Residuals:                       9   BIC:                             171.2
 Df Model:                           9
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept     78.5789      3.361     23.377      0.000      70.975      86.183
 U             27.0625      3.663      7.388      0.000      18.776      35.349
 A             -8.4375      3.663     -2.303      0.047     -16.724      -0.151
 U:A           -8.0625      3.663     -2.201      0.055     -16.349       0.224
 P              9.6875      3.663      2.645      0.027       1.401      17.974
 Y             12.5625      3.663      3.430      0.008       4.276      20.849
 A:Y          -11.3125      3.663     -3.088      0.013     -19.599      -3.026
 U:A:Y         -8.1875      3.663     -2.235      0.052     -16.474       0.099
 U:P:Y         -7.5625      3.663     -2.065      0.069     -15.849       0.724
 A:P:Y         -9.3125      3.663     -2.542      0.032     -17.599      -1.026
 ==============================================================================
 Omnibus:                        0.222   Durbin-Watson:                   1.718
 Prob(Omnibus):                  0.895   Jarque-Bera (JB):                0.374
 Skew:                          -0.200   Prob(JB):                        0.830
 Kurtosis:                       2.441   Cond. No.                         1.09
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 """,
 'CM_full': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                     CM   R-squared:                       0.858
 Model:                            OLS   Adj. R-squared:                  0.829
 Method:                 Least Squares   F-statistic:                     30.16
 Date:                Mon, 14 Aug 2023   Prob (F-statistic):           1.34e-06
 Time:                        22:20:56   Log-Likelihood:                 13.772
 No. Observations:                  19   AIC:                            -19.54
 Df Residuals:                      15   BIC:                            -15.77
 Df Model:                           3
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept      1.6718      0.030     55.244      0.000       1.607       1.736
 U              0.2881      0.033      8.737      0.000       0.218       0.358
 U:A           -0.0933      0.033     -2.828      0.013      -0.164      -0.023
 U:A:Y         -0.0819      0.033     -2.483      0.025      -0.152      -0.012
 ==============================================================================
 Omnibus:                        3.181   Durbin-Watson:                   1.725
 Prob(Omnibus):                  0.204   Jarque-Bera (JB):                1.658
 Skew:                          -0.704   Prob(JB):                        0.437
 Kurtosis:                       3.336   Cond. No.                         1.09
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 """,
 'B_full': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                      B   R-squared:                       1.000
 Model:                            OLS   Adj. R-squared:                  1.000
 Method:                 Least Squares   F-statistic:                     2661.
 Date:                Mon, 14 Aug 2023   Prob (F-statistic):           3.23e-07
 Time:                        22:20:56   Log-Likelihood:                -30.425
 No. Observations:                  19   AIC:                             90.85
 Df Residuals:                       4   BIC:                             105.0
 Df Model:                          14
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept    223.5263      0.600    372.531      0.000     221.860     225.192
 U             -7.3125      0.654    -11.184      0.000      -9.128      -5.497
 A             78.1875      0.654    119.579      0.000      76.372      80.003
 U:A          -24.8125      0.654    -37.948      0.000     -26.628     -22.997
 P            -10.8125      0.654    -16.536      0.000     -12.628      -8.997
 U:P            8.4375      0.654     12.904      0.000       6.622      10.253
 A:P          -25.8125      0.654    -39.477      0.000     -27.628     -23.997
 U:A:P        -20.5625      0.654    -31.448      0.000     -22.378     -18.747
 Y            -64.9375      0.654    -99.315      0.000     -66.753     -63.122
 A:Y          -47.4375      0.654    -72.550      0.000     -49.253     -45.622
 U:A:Y        -17.4375      0.654    -26.669      0.000     -19.253     -15.622
 P:Y           19.5625      0.654     29.919      0.000      17.747      21.378
 U:P:Y         13.3125      0.654     20.360      0.000      11.497      15.128
 A:P:Y         21.5625      0.654     32.977      0.000      19.747      23.378
 U:A:P:Y        8.3125      0.654     12.713      0.000       6.497      10.128
 ==============================================================================
 Omnibus:                       31.153   Durbin-Watson:                   2.404
 Prob(Omnibus):                  0.000   Jarque-Bera (JB):               76.327
 Skew:                          -2.365   Prob(JB):                     2.67e-17
 Kurtosis:                      11.605   Cond. No.                         1.09
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 """,
 'F_sorder': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                      F   R-squared:                       0.924
 Model:                            OLS   Adj. R-squared:                  0.847
 Method:                 Least Squares   F-statistic:                     12.08
 Date:                Mon, 14 Aug 2023   Prob (F-statistic):           0.000499
 Time:                        22:20:56   Log-Likelihood:                -70.868
 No. Observations:                  19   AIC:                             161.7
 Df Residuals:                       9   BIC:                             171.2
 Df Model:                           9
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept     78.5789      3.361     23.377      0.000      70.975      86.183
 U             27.0625      3.663      7.388      0.000      18.776      35.349
 A             -8.4375      3.663     -2.303      0.047     -16.724      -0.151
 U:A           -8.0625      3.663     -2.201      0.055     -16.349       0.224
 P              9.6875      3.663      2.645      0.027       1.401      17.974
 Y             12.5625      3.663      3.430      0.008       4.276      20.849
 A:Y          -11.3125      3.663     -3.088      0.013     -19.599      -3.026
 U:A:Y         -8.1875      3.663     -2.235      0.052     -16.474       0.099
 U:P:Y         -7.5625      3.663     -2.065      0.069     -15.849       0.724
 A:P:Y         -9.3125      3.663     -2.542      0.032     -17.599      -1.026
 ==============================================================================
 Omnibus:                        0.222   Durbin-Watson:                   1.718
 Prob(Omnibus):                  0.895   Jarque-Bera (JB):                0.374
 Skew:                          -0.200   Prob(JB):                        0.830
 Kurtosis:                       2.441   Cond. No.                         1.09
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 """,
 'CM_sorder': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                     CM   R-squared:                       0.724
 Model:                            OLS   Adj. R-squared:                  0.707
 Method:                 Least Squares   F-statistic:                     44.50
 Date:                Mon, 14 Aug 2023   Prob (F-statistic):           3.94e-06
 Time:                        22:20:56   Log-Likelihood:                 7.4576
 No. Observations:                  19   AIC:                            -10.92
 Df Residuals:                      17   BIC:                            -9.026
 Df Model:                           1
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept      1.6718      0.040     42.181      0.000       1.588       1.755
 U              0.2881      0.043      6.671      0.000       0.197       0.379
 ==============================================================================
 Omnibus:                        0.976   Durbin-Watson:                   1.779
 Prob(Omnibus):                  0.614   Jarque-Bera (JB):                0.739
 Skew:                           0.013   Prob(JB):                        0.691
 Kurtosis:                       2.034   Cond. No.                         1.09
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 """,
 'B_sorder': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                      B   R-squared:                       0.790
 Model:                            OLS   Adj. R-squared:                  0.748
 Method:                 Least Squares   F-statistic:                     18.80
 Date:                Mon, 14 Aug 2023   Prob (F-statistic):           2.42e-05
 Time:                        22:20:56   Log-Likelihood:                -102.42
 No. Observations:                  19   AIC:                             212.8
 Df Residuals:                      15   BIC:                             216.6
 Df Model:                           3
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept    223.5263     13.706     16.309      0.000     194.313     252.740
 A             78.1875     14.936      5.235      0.000      46.353     110.022
 Y            -64.9375     14.936     -4.348      0.001     -96.772     -33.103
 A:Y          -47.4375     14.936     -3.176      0.006     -79.272     -15.603
 ==============================================================================
 Omnibus:                        0.520   Durbin-Watson:                   1.872
 Prob(Omnibus):                  0.771   Jarque-Bera (JB):                0.135
 Skew:                          -0.205   Prob(JB):                        0.935
 Kurtosis:                       2.952   Cond. No.                         1.09
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 """}
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fm_24.lack_of_fit('F_full')
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Experimental Planning Applied to Energetic Process - ENE108

Dr. Fernando Gasi; Dra. Graziella Colato Antonio; Dra. Juliana Tófano de Campos Leite Toneli



Article Selected

The economical feasibility of ethanol production using lignocellulosic biomass is primarilly dependent on the cost of the required enzymes, e.g. celullase. By this reason there is and increasing interest in optimizing the process of obtaining this enzymes. In the article Nitrogen Source Optimization for Cellulase Production by Penicillium funiculosum, using a Sequential Experimental Design Methodology and the Desirability
Function [https://link.springer.com/content/pdf/10.1007/s12010-009-8875-6.pdf?pdf=button], the authors used three sucessice designs of experiments to optimize celullase production. The incremental methodology consists of sucessively cut off irrelevant terms in models obtained by a \(2^4\) and \(2^3\) factorial designs and finally perform ANOVA in a central composite rotational design.



Variables and Levels



Responses



Matrices of experiments



ANOVA



Hypotesis

The main hypotesis is that a sequential methodology for experimental design can be efficiently used to optmizethe the production of celullase by Penicillinum funiculosum.



Cellulalse Production Process

For optimization of cellulase production, the independent variables considered were 4 different sources of nitrogen:


	Urea (U)


	Ammonium Sulfate (A)


	Peptone (P)


	Yeast Extract (Y)






Loding Article Data

The article data is contained in a single .xlsx file with multiple sheets
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from explann.dataio import ImportXLSX

data_path = '../../data/paper_data.xlsx'

data_24 = ImportXLSX(path=data_path,
    data_sheet="data_24",
    levels_sheet="levels_24"
)

data_23 = ImportXLSX(path=data_path,
    data_sheet="data_23",
    levels_sheet="levels_23"
)

data_ccrd = ImportXLSX(path=data_path,
    data_sheet="data_ccrd",
    levels_sheet="levels_ccrd"
)









Building Models


\(2^4\) Factorial Experiment

To build a full factorial desing with all interactions we just use the syntax U*A*P*Y for all the three response variables.

In the first experiment all independent variables was considered relevant on a factorial design with two levels and three central points. The data generated in the experiments are collected in the table below
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from explann.models import FactorialModel

fm_24 = FactorialModel(
    data=data_24.data,
    functions=
    {
        "F_full" : "F ~ U * A * P * Y",
        "CM_full" : "CM ~ U * A * P * Y",
        "B_full" : "B ~ U * A * P * Y",
        "F_sorder" : "F ~ (U * A * P * Y)**2",
        "CM_sorder" : "CM ~ (U + A + P + Y)**2",
        "B_sorder" : "B ~ (U + A + P + Y)**2",

    },
    #cov_type="HC0",
)







The summary() method shows up the coefficients and p-values of variables.
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fm_24.summary()













/home/ppiper/micromamba/envs/explann/lib/python3.11/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "
/home/ppiper/micromamba/envs/explann/lib/python3.11/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "
/home/ppiper/micromamba/envs/explann/lib/python3.11/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "
/home/ppiper/micromamba/envs/explann/lib/python3.11/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "
/home/ppiper/micromamba/envs/explann/lib/python3.11/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "
/home/ppiper/micromamba/envs/explann/lib/python3.11/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "







[3]:







{'F_full': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                      F   R-squared:                       0.992
 Model:                            OLS   Adj. R-squared:                  0.953
 Method:                 Least Squares   F-statistic:                     25.39
 Date:                Sat, 29 Jul 2023   Prob (F-statistic):             0.0109
 Time:                        12:27:36   Log-Likelihood:                -49.206
 No. Observations:                  19   AIC:                             130.4
 Df Residuals:                       3   BIC:                             145.5
 Df Model:                          15
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept     77.5318     54.494      1.423      0.250     -95.892     250.955
 U             25.6095    162.484      0.158      0.885    -491.487     542.706
 A             -4.1694     34.818     -0.120      0.912    -114.976     106.637
 U:A          -62.4082    103.807     -0.601      0.590    -392.769     267.953
 P            -72.4857     65.848     -1.101      0.351    -282.043     137.071
 U:P          -32.1905    196.320     -0.164      0.880    -656.969     592.588
 A:P            0.5306     42.069      0.013      0.991    -133.351     134.412
 U:A:P        192.9252    125.424      1.538      0.222    -206.231     592.082
 Y           -669.4887    191.904     -3.489      0.040   -1280.213     -58.765
 U:Y         1830.4762    572.148      3.199      0.049       9.647    3651.305
 A:Y          252.2449    122.603      2.057      0.132    -137.933     642.423
 U:A:Y       -511.5646    365.532     -1.400      0.256   -1674.850     651.720
 P:Y          818.5714    231.867      3.530      0.039      80.667    1556.476
 U:P:Y       -942.8571    691.294     -1.364      0.266   -3142.863    1257.149
 A:P:Y       -259.1837    148.134     -1.750      0.178    -730.614     212.246
 U:A:P:Y     -149.6599    441.652     -0.339      0.757   -1555.192    1255.873
 ==============================================================================
 Omnibus:                       11.466   Durbin-Watson:                   2.043
 Prob(Omnibus):                  0.003   Jarque-Bera (JB):               21.610
 Skew:                           0.323   Prob(JB):                     2.03e-05
 Kurtosis:                       8.184   Cond. No.                     1.45e+03
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 [2] The condition number is large, 1.45e+03. This might indicate that there are
 strong multicollinearity or other numerical problems.
 """,
 'CM_full': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                     CM   R-squared:                       0.986
 Model:                            OLS   Adj. R-squared:                  0.919
 Method:                 Least Squares   F-statistic:                     14.55
 Date:                Sat, 29 Jul 2023   Prob (F-statistic):             0.0243
 Time:                        12:27:36   Log-Likelihood:                 36.101
 No. Observations:                  19   AIC:                            -40.20
 Df Residuals:                       3   BIC:                            -25.09
 Df Model:                          15
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept      1.7303      0.612      2.829      0.066      -0.216       3.677
 U             -2.8836      1.824     -1.581      0.212      -8.687       2.920
 A             -0.5702      0.391     -1.459      0.241      -1.814       0.673
 U:A            3.3458      1.165      2.872      0.064      -0.362       7.053
 P             -0.2859      0.739     -0.387      0.725      -2.638       2.066
 U:P            4.6591      2.203      2.115      0.125      -2.353      11.671
 A:P            0.3992      0.472      0.846      0.460      -1.103       1.902
 U:A:P         -3.5242      1.408     -2.504      0.087      -8.004       0.955
 Y             -3.2290      2.154     -1.499      0.231     -10.083       3.625
 U:Y           18.1705      6.421      2.830      0.066      -2.264      38.605
 A:Y            3.0141      1.376      2.191      0.116      -1.365       7.393
 U:A:Y        -13.9524      4.102     -3.401      0.042     -27.008      -0.897
 P:Y            0.5371      2.602      0.206      0.850      -7.744       8.818
 U:P:Y        -10.8762      7.758     -1.402      0.255     -35.566      13.814
 A:P:Y         -1.4816      1.662     -0.891      0.438      -6.772       3.809
 U:A:P:Y       10.2857      4.957      2.075      0.130      -5.488      26.060
 ==============================================================================
 Omnibus:                       20.016   Durbin-Watson:                   0.351
 Prob(Omnibus):                  0.000   Jarque-Bera (JB):               21.007
 Skew:                           2.125   Prob(JB):                     2.74e-05
 Kurtosis:                       5.910   Cond. No.                     1.45e+03
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 [2] The condition number is large, 1.45e+03. This might indicate that there are
 strong multicollinearity or other numerical problems.
 """,
 'B_full': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                      B   R-squared:                       1.000
 Model:                            OLS   Adj. R-squared:                  0.999
 Method:                 Least Squares   F-statistic:                     1647.
 Date:                Sat, 29 Jul 2023   Prob (F-statistic):           2.17e-05
 Time:                        12:27:36   Log-Likelihood:                -31.594
 No. Observations:                  19   AIC:                             95.19
 Df Residuals:                       3   BIC:                             110.3
 Df Model:                          15
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept    115.3029     21.566      5.346      0.013      46.669     183.936
 U           -997.6381     64.304    -15.514      0.001   -1202.283    -792.994
 A            203.1592     13.779     14.744      0.001     159.307     247.012
 U:A          868.1905     41.082     21.133      0.000     737.448     998.933
 P            -67.8857     26.060     -2.605      0.080    -150.819      15.048
 U:P         1072.7619     77.695     13.807      0.001     825.501    1320.023
 A:P           21.3878     16.649      1.285      0.289     -31.597      74.372
 U:A:P      -1020.9524     49.638    -20.568      0.000   -1178.921    -862.983
 Y            -29.0632     75.947     -0.383      0.727    -270.762     212.635
 U:Y         2241.9048    226.432      9.901      0.002    1521.298    2962.511
 A:Y         -264.4898     48.521     -5.451      0.012    -418.905    -110.074
 U:A:Y      -2685.7143    144.662    -18.565      0.000   -3146.093   -2225.336
 P:Y         -387.1429     91.763     -4.219      0.024    -679.174     -95.112
 U:P:Y       -504.7619    273.585     -1.845      0.162   -1375.430     365.906
 A:P:Y        161.2245     58.625      2.750      0.071     -25.347     347.796
 U:A:P:Y     1809.5238    174.787     10.353      0.002    1253.274    2365.773
 ==============================================================================
 Omnibus:                       29.085   Durbin-Watson:                   2.220
 Prob(Omnibus):                  0.000   Jarque-Bera (JB):               57.479
 Skew:                           2.349   Prob(JB):                     3.30e-13
 Kurtosis:                      10.109   Cond. No.                     1.45e+03
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 [2] The condition number is large, 1.45e+03. This might indicate that there are
 strong multicollinearity or other numerical problems.
 """,
 'F_sorder': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                      F   R-squared:                       0.992
 Model:                            OLS   Adj. R-squared:                  0.953
 Method:                 Least Squares   F-statistic:                     25.39
 Date:                Sat, 29 Jul 2023   Prob (F-statistic):             0.0109
 Time:                        12:27:36   Log-Likelihood:                -49.206
 No. Observations:                  19   AIC:                             130.4
 Df Residuals:                       3   BIC:                             145.5
 Df Model:                          15
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept     77.5318     54.494      1.423      0.250     -95.892     250.955
 U             25.6095    162.484      0.158      0.885    -491.487     542.706
 A             -4.1694     34.818     -0.120      0.912    -114.976     106.637
 U:A          -62.4082    103.807     -0.601      0.590    -392.769     267.953
 P            -72.4857     65.848     -1.101      0.351    -282.043     137.071
 U:P          -32.1905    196.320     -0.164      0.880    -656.969     592.588
 A:P            0.5306     42.069      0.013      0.991    -133.351     134.412
 U:A:P        192.9252    125.424      1.538      0.222    -206.231     592.082
 Y           -669.4887    191.904     -3.489      0.040   -1280.213     -58.765
 U:Y         1830.4762    572.148      3.199      0.049       9.647    3651.305
 A:Y          252.2449    122.603      2.057      0.132    -137.933     642.423
 U:A:Y       -511.5646    365.532     -1.400      0.256   -1674.850     651.720
 P:Y          818.5714    231.867      3.530      0.039      80.667    1556.476
 U:P:Y       -942.8571    691.294     -1.364      0.266   -3142.863    1257.149
 A:P:Y       -259.1837    148.134     -1.750      0.178    -730.614     212.246
 U:A:P:Y     -149.6599    441.652     -0.339      0.757   -1555.192    1255.873
 ==============================================================================
 Omnibus:                       11.466   Durbin-Watson:                   2.043
 Prob(Omnibus):                  0.003   Jarque-Bera (JB):               21.610
 Skew:                           0.323   Prob(JB):                     2.03e-05
 Kurtosis:                       8.184   Cond. No.                     1.45e+03
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 [2] The condition number is large, 1.45e+03. This might indicate that there are
 strong multicollinearity or other numerical problems.
 """,
 'CM_sorder': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                     CM   R-squared:                       0.873
 Model:                            OLS   Adj. R-squared:                  0.715
 Method:                 Least Squares   F-statistic:                     5.514
 Date:                Sat, 29 Jul 2023   Prob (F-statistic):             0.0118
 Time:                        12:27:36   Log-Likelihood:                 14.868
 No. Observations:                  19   AIC:                            -7.736
 Df Residuals:                       8   BIC:                             2.653
 Df Model:                          10
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept      0.5837      0.472      1.236      0.252      -0.505       1.673
 U              2.3699      1.054      2.249      0.055      -0.060       4.800
 A              0.3932      0.226      1.741      0.120      -0.128       0.914
 P              0.3520      0.442      0.797      0.449      -0.667       1.371
 Y              0.1539      1.257      0.122      0.906      -2.745       3.053
 U:A           -0.8881      0.406     -2.188      0.060      -1.824       0.048
 U:P            0.6238      0.812      0.768      0.464      -1.249       2.496
 U:Y            1.2800      2.273      0.563      0.589      -3.963       6.523
 A:P           -0.2490      0.174     -1.431      0.190      -0.650       0.152
 A:Y            0.0314      0.487      0.065      0.950      -1.092       1.155
 P:Y           -0.4800      0.974     -0.493      0.636      -2.727       1.767
 ==============================================================================
 Omnibus:                        0.485   Durbin-Watson:                   1.659
 Prob(Omnibus):                  0.785   Jarque-Bera (JB):                0.577
 Skew:                          -0.289   Prob(JB):                        0.749
 Kurtosis:                       2.372   Cond. No.                         153.
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 """,
 'B_sorder': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                      B   R-squared:                       0.910
 Model:                            OLS   Adj. R-squared:                  0.797
 Method:                 Least Squares   F-statistic:                     8.048
 Date:                Sat, 29 Jul 2023   Prob (F-statistic):            0.00347
 Time:                        12:27:36   Log-Likelihood:                -94.416
 No. Observations:                  19   AIC:                             210.8
 Df Residuals:                       8   BIC:                             221.2
 Df Model:                          10
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept    -43.6800    148.652     -0.294      0.776    -386.473     299.113
 U            160.6976    331.713      0.484      0.641    -604.234     925.629
 A            399.8536     71.081      5.625      0.000     235.940     563.767
 P            -45.6286    139.070     -0.328      0.751    -366.325     275.068
 Y            -96.7775    395.706     -0.245      0.813   -1009.278     815.723
 U:A         -236.3095    127.779     -1.849      0.102    -530.968      58.349
 U:P          160.7143    255.558      0.629      0.547    -428.603     750.031
 U:Y            3.3333    715.561      0.005      0.996   -1646.754    1653.421
 A:P         -105.3571     54.762     -1.924      0.091    -231.639      20.925
 A:Y         -542.1429    153.335     -3.536      0.008    -895.733    -188.553
 P:Y          447.1429    306.669      1.458      0.183    -260.037    1154.323
 ==============================================================================
 Omnibus:                        0.323   Durbin-Watson:                   1.823
 Prob(Omnibus):                  0.851   Jarque-Bera (JB):                0.003
 Skew:                          -0.021   Prob(JB):                        0.998
 Kurtosis:                       2.954   Cond. No.                         153.
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 """}








Pareto Plot

Parato plot facilitate the visualization of most relevant terms in each model according to the value of t-student distribution statistics and its corresponding p-value. The vertical line shows up the t value corresponding to the standard significance of 0.05
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from explann.plot import ParetoPlot

pp_24 = ParetoPlot(fm_24)
pp_24.plot(figsize=(5,5),alpha=0.1, attribute='anova')
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{'F_full': <Axes: title={'center': 'F_full'}>,
 'CM_full': <Axes: title={'center': 'CM_full'}>,
 'B_full': <Axes: title={'center': 'B_full'}>,
 'F_sorder': <Axes: title={'center': 'F_sorder'}>,
 'CM_sorder': <Axes: title={'center': 'CM_sorder'}>,
 'B_sorder': <Axes: title={'center': 'B_sorder'}>}
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fm_24.get_significant_model_functions(alpha=0.05, use_anova=True)
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{'F_full': 'F ~ U + A + U:A + P + Y + A:Y + U:A:Y + U:P:Y + A:P:Y + 1',
 'CM_full': 'CM ~ U + U:A + U:A:Y + 1',
 'B_full': 'B ~ U + A + U:A + P + U:P + A:P + U:A:P + Y + A:Y + U:A:Y + P:Y + U:P:Y + A:P:Y + U:A:P:Y + 1',
 'F_sorder': 'F ~ U + A + U:A + P + Y + A:Y + U:A:Y + U:P:Y + A:P:Y + 1',
 'CM_sorder': 'CM ~ U + 1',
 'B_sorder': 'B ~ A + Y + A:Y + 1'}
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fm_24.build_significant_models(use_anova=True).functions
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{'F_full': 'F ~ U + A + U:A + P + Y + A:Y + U:A:Y + U:P:Y + A:P:Y + 1',
 'CM_full': 'CM ~ U + U:A + U:A:Y + 1',
 'B_full': 'B ~ U + A + U:A + P + U:P + A:P + U:A:P + Y + A:Y + U:A:Y + P:Y + U:P:Y + A:P:Y + U:A:P:Y + 1',
 'F_sorder': 'F ~ U + A + U:A + P + Y + A:Y + U:A:Y + U:P:Y + A:P:Y + 1',
 'CM_sorder': 'CM ~ U + 1',
 'B_sorder': 'B ~ A + Y + A:Y + 1'}






W can use a significance value of 0.05 to retain only relavant termos for each model.
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fm_24.get_significant_model_functions()
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{'F_full': 'F ~ Y + U:Y + P:Y',
 'CM_full': 'CM ~ U:A:Y',
 'B_full': 'B ~ 1 + U + A + U:A + U:P + U:A:P + U:Y + A:Y + U:A:Y + P:Y + U:A:P:Y',
 'F_sorder': 'F ~ Y + U:Y + P:Y',
 'CM_sorder': 'CM ~ ',
 'B_sorder': 'B ~ A + A:Y'}
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fm_24.model
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{'F_full': <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x7f910d103b10>,
 'CM_full': <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x7f91274725d0>,
 'B_full': <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x7f9127481fd0>,
 'F_sorder': <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x7f91274855d0>,
 'CM_sorder': <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x7f912748b9d0>,
 'B_sorder': <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x7f912748fe50>}
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from explann.plot import LinearRegDiagnostic

for name, model in fm_24.model.items():
    cls = LinearRegDiagnostic(model)
    vif, fig, ax = cls()
    print(name)
    print(vif)
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[22]:





import statsmodels.api as sm

model = fm_24['F_sorder']
fig = sm.graphics.plot_partregress_grid(model)
fig.tight_layout(pad=1.0)













/home/ppiper/micromamba/envs/explann/lib/python3.11/site-packages/statsmodels/graphics/regressionplots.py:566: UserWarning: Tight layout not applied. tight_layout cannot make axes height small enough to accommodate all axes decorations.
  fig.tight_layout()
/tmp/ipykernel_147933/3087771807.py:5: UserWarning: Tight layout not applied. tight_layout cannot make axes height small enough to accommodate all axes decorations.
  fig.tight_layout(pad=1.0)
/tmp/ipykernel_147933/3087771807.py:5: UserWarning: The figure layout has changed to tight
  fig.tight_layout(pad=1.0)
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[24]:





fig = sm.graphics.plot_ccpr_grid(model)
fig.tight_layout()













/tmp/ipykernel_147933/1833133689.py:2: UserWarning: Tight layout not applied. tight_layout cannot make axes height small enough to accommodate all axes decorations.
  fig.tight_layout()
/tmp/ipykernel_147933/1833133689.py:2: UserWarning: The figure layout has changed to tight
  fig.tight_layout()
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[9]:





fm_24.anova('F')













---------------------------------------------------------------------------
KeyError                                  Traceback (most recent call last)
Cell In[9], line 1
----> 1 fm_24.anova('F')

File ~/Dropbox/local/github/explann/explann/models.py:195, in FactorialModel.anova(self, function)
    193     return return_dict
    194 else:
--> 195     return anova_lm(self.model[function])

KeyError: 'F'







[ ]:





alpha = 0.05
model = fm_24['F']
attribute = 'tvalues'
ascending = True
import numpy as np
sorted_tvalues = model.__getattribute__(attribute).abs().sort_values(ascending=ascending)
sorted_index = sorted_tvalues.index
sorted_pvalues = model.__getattribute__('pvalues')[sorted_index]
t_value = np.interp(np.log(alpha), np.log(sorted_pvalues),np.log(sorted_tvalues))
t_value













3.7486322821612763







[ ]:





from explann.plot import ParetoPlot
pp = ParetoPlot(fm_24)
pp.plot(attribute='tvalues')













{'F': <Axes: title={'center': 'F'}>,
 'CM': <Axes: title={'center': 'CM'}>,
 'B': <Axes: title={'center': 'B'}>}
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[ ]:





fm_24.get_significant_model_functions()













{'CM': 'CM ~ 1 + U',
 'B': 'B ~ 1 + A + Y + A:Y',
 'F': 'F ~ 1 + U + A + U:A + P + Y + A:Y + U:A:Y + U:P:Y + A:P:Y'}







[ ]:





fm_24.get_significant_model_functions()













{'CM': 'CM ~ 1 + U',
 'B': 'B ~ 1 + A + Y + A:Y',
 'F': 'F ~ 1 + U + A + U:A + P + Y + A:Y + U:A:Y + U:P:Y + A:P:Y'}







[ ]:





sig_fm_24 = fm_24.build_significant_models()
sig_fm_24.summary()













/home/ppiper/micromamba/envs/explann/lib/python3.11/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "
/home/ppiper/micromamba/envs/explann/lib/python3.11/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "
/home/ppiper/micromamba/envs/explann/lib/python3.11/site-packages/scipy/stats/_stats_py.py:1806: UserWarning: kurtosistest only valid for n>=20 ... continuing anyway, n=19
  warnings.warn("kurtosistest only valid for n>=20 ... continuing "












{'CM': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                     CM   R-squared:                       0.724
 Model:                            OLS   Adj. R-squared:                  0.707
 Method:                 Least Squares   F-statistic:                     44.50
 Date:                Fri, 28 Jul 2023   Prob (F-statistic):           3.94e-06
 Time:                        16:33:28   Log-Likelihood:                 7.4576
 No. Observations:                  19   AIC:                            -10.92
 Df Residuals:                      17   BIC:                            -9.026
 Df Model:                           1
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept      1.6718      0.040     42.181      0.000       1.588       1.755
 U              0.2881      0.043      6.671      0.000       0.197       0.379
 ==============================================================================
 Omnibus:                        0.976   Durbin-Watson:                   1.779
 Prob(Omnibus):                  0.614   Jarque-Bera (JB):                0.739
 Skew:                           0.013   Prob(JB):                        0.691
 Kurtosis:                       2.034   Cond. No.                         1.09
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 """,
 'B': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                      B   R-squared:                       0.790
 Model:                            OLS   Adj. R-squared:                  0.748
 Method:                 Least Squares   F-statistic:                     18.80
 Date:                Fri, 28 Jul 2023   Prob (F-statistic):           2.42e-05
 Time:                        16:33:28   Log-Likelihood:                -102.42
 No. Observations:                  19   AIC:                             212.8
 Df Residuals:                      15   BIC:                             216.6
 Df Model:                           3
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept    223.5263     13.706     16.309      0.000     194.313     252.740
 A             78.1875     14.936      5.235      0.000      46.353     110.022
 Y            -64.9375     14.936     -4.348      0.001     -96.772     -33.103
 A:Y          -47.4375     14.936     -3.176      0.006     -79.272     -15.603
 ==============================================================================
 Omnibus:                        0.520   Durbin-Watson:                   1.872
 Prob(Omnibus):                  0.771   Jarque-Bera (JB):                0.135
 Skew:                          -0.205   Prob(JB):                        0.935
 Kurtosis:                       2.952   Cond. No.                         1.09
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 """,
 'F': <class 'statsmodels.iolib.summary.Summary'>
 """
                             OLS Regression Results
 ==============================================================================
 Dep. Variable:                      F   R-squared:                       0.924
 Model:                            OLS   Adj. R-squared:                  0.847
 Method:                 Least Squares   F-statistic:                     12.08
 Date:                Fri, 28 Jul 2023   Prob (F-statistic):           0.000499
 Time:                        16:33:28   Log-Likelihood:                -70.868
 No. Observations:                  19   AIC:                             161.7
 Df Residuals:                       9   BIC:                             171.2
 Df Model:                           9
 Covariance Type:            nonrobust
 ==============================================================================
                  coef    std err          t      P>|t|      [0.025      0.975]
 ------------------------------------------------------------------------------
 Intercept     78.5789      3.361     23.377      0.000      70.975      86.183
 U             27.0625      3.663      7.388      0.000      18.776      35.349
 A             -8.4375      3.663     -2.303      0.047     -16.724      -0.151
 U:A           -8.0625      3.663     -2.201      0.055     -16.349       0.224
 P              9.6875      3.663      2.645      0.027       1.401      17.974
 Y             12.5625      3.663      3.430      0.008       4.276      20.849
 A:Y          -11.3125      3.663     -3.088      0.013     -19.599      -3.026
 U:A:Y         -8.1875      3.663     -2.235      0.052     -16.474       0.099
 U:P:Y         -7.5625      3.663     -2.065      0.069     -15.849       0.724
 A:P:Y         -9.3125      3.663     -2.542      0.032     -17.599      -1.026
 ==============================================================================
 Omnibus:                        0.222   Durbin-Watson:                   1.718
 Prob(Omnibus):                  0.895   Jarque-Bera (JB):                0.374
 Skew:                          -0.200   Prob(JB):                        0.830
 Kurtosis:                       2.441   Cond. No.                         1.09
 ==============================================================================

 Notes:
 [1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
 """}







[ ]:





fm_24.lack_of_fit('F')
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