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Getting Started


Installation

There exists three different possiblities to run the models:


	Clone the repository, with the latest release:




git clone --branch v0.1.8 https://github.com/Priesemann-Group/covid19_inference






	Install the module via pip




pip install git+https://github.com/Priesemann-Group/covid19_inference.git@v0.1.8





3. Run the notebooks directly in Google Colab. At the top of the notebooks files
there should be a symbol which opens them directly in a Google Colab instance.



First Steps

To get started, we recommend to look at one of the currently two example notebooks:


	
	SIR model with one german state [https://github.com/Priesemann-Group/covid19_inference/blob/master/scripts/example_one_bundesland.ipynb]
	This model is similar to the one discussed in our paper: Inferring COVID-19 spreading rates and potential change points for case number forecasts [https://arxiv.org/abs/2004.01105].
The difference is that the delay between infection and report is now lognormal distributed and not
fixed.







	
	Hierarchical model of the German states [https://github.com/Priesemann-Group/covid19_inference/blob/master/scripts/example_bundeslaender.ipynb]
	This builds a hierarchical bayesian model of the states of Germany. Caution, seems to be currently broken!









We can for example recommend the following articles about bayesian modeling:

As a introduction to Bayesian statistics and the python package (PyMC3) that we use:
https://docs.pymc.io/notebooks/api_quickstart.html

This is a good post about hierarchical Bayesian models in general:
https://statmodeling.stat.columbia.edu/2014/01/21/everything-need-know-bayesian-statistics-learned-eight-schools/





          

      

      

    

  

    
      
          
            
  
Examples

We supply a number of examples which can be found in the scripts [https://github.com/Priesemann-Group/covid19_inference/blob/master/scripts/example_one_bundesland.ipynb]
folder of the github repository.

These examples are given as python files and interactive ipython notebooks. The python files get automatically converted into ipython notebooks for easier use with google colab.
The conversion is done by a slightly modified version of the python2jupyter module [https://github.com/remykarem/python2jupyter], which can be found here [https://github.com/pSpitzner/python2jupyter].

For starters the most useful examples are the non hierarchical one bundesland example [https://github.com/Priesemann-Group/covid19_inference/blob/master/scripts/interactive/example_one_bundesland.ipynb] and the hierarchical analysis of the bundeslaender [https://github.com/Priesemann-Group/covid19_inference/blob/master/scripts/interactive/example_bundeslaender.ipynb].




          

      

      

    

  

    
      
          
            
  
Disclaimer

We evaluate the data provided by the John Hopkins University link [https://github.com/CSSEGISandData/COVID-19].
We exclude any liability with regard to the quality and accuracy of the data used, and also with regard to the correctness of the statistical analysis. The evaluation of the different growth phases represents solely our personal opinion.

The number of cases reported may be significantly lower than the number of people actually infected. Also, we must point out that week-ends and changes in the test system may lead to fluctuations in reported cases that have no equivalent in actual case numbers.

Certainly, at this stage all statistical predictions are subject to great uncertainty because the general trends of the epidemic are not yet clear. In any case, the statistical trends that we interpret from the data are only suitable for predictions if the measures taken by the government and authorities to contain the pandemic remain in force and are being followed by the population. We must also point out that, even if the statistics indicate that the epidemic is under control, we may at any time see a resurgence of infection figures until the disease is eradicated worldwide.




          

      

      

    

  

    
      
          
            
  
Model

If you are familiar with pymc3, then looking at the example below should explain
how our model works. Otherwise, here is a quick overivew:


	First, we have to create an instance of the base class (that is derived from pymc3s model class). It has some convenient properties to get the range of the data, simulation length and so forth.


	We then add details that base model. They correspond to the actual (physical) model features, such as the change points, the reporting delay and the week modulation.



	Every feature has it’s own function that takes in arguments to set prior
assumptions.


	Sometimes they also take in input (data, reported cases … ) but none of the
function performs any actual modifactions on the data. They only tell pymc3 what
it is supposed to do during the sampling.


	None of our functions actually modifies any data. They rather define ways how
pymc3 should modify data during the sampling.


	Most of the feature functions add variables to the pymc3.trace, see the function arguments that start with name_.









	in pymc3 it is common to use a context, as we also do in the example. everything within the block with cov19.model.Cov19Model(**params_model) as this_model: automagically applies to this_model. Alternatively, you could provide a keyword to each function model=this_model.





Example

import datetime

import pymc3 as pm
import numpy as np
import covid19_inference as cov19

# limit the data range
bd = datetime.datetime(2020, 3, 2)

# download data
jhu = cov19.data_retrieval.JHU(auto_download=True)
new_cases = jhu.get_new(country="Germany", data_begin=bd)

# set model parameters
params_model = dict(
    new_cases_obs=new_cases,
    data_begin=bd,
    fcast_len=28,
    diff_data_sim=16,
    N_population=83e6,
)

# change points like in the paper
change_points = [
    dict(pr_mean_date_transient=datetime.datetime(2020, 3, 9)),
    dict(pr_mean_date_transient=datetime.datetime(2020, 3, 16)),
    dict(pr_mean_date_transient=datetime.datetime(2020, 3, 23)),
]

# create model instance and add details
with cov19.model.Cov19Model(**params_model) as this_model:
    # apply change points, lambda is in log scale
    lambda_t_log = cov19.model.lambda_t_with_sigmoids(
        pr_median_lambda_0=0.4,
        pr_sigma_lambda_0=0.5,
        change_points_list=change_points,
    )

    # prior for the recovery rate
    mu = pm.Lognormal(name="mu", mu=np.log(1 / 8), sigma=0.2)

    # new Infected day over day are determined from the SIR model
    new_I_t = cov19.model.SIR(lambda_t_log, mu)

    # model the reporting delay, our prior is ten days
    new_cases_inferred_raw = cov19.model.delay_cases(
        cases=new_I_t,
        pr_mean_of_median=10,
    )

    # apply a weekly modulation, fewer reports during weekends
    new_cases_inferred = cov19.model.week_modulation(new_cases_inferred_raw)

    # set the likeliehood
    cov19.model.student_t_likelihood(new_cases_inferred)

# run the sampling
trace = pm.sample(model=this_model, tune=50, draws=10, init="advi+adapt_diag")
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Model Base Class


	
class covid19_inference.model.Cov19Model(new_cases_obs, data_begin, fcast_len, diff_data_sim, N_population, name='', model=None, shifted_cases=True)[source]

	Abstract base class for the dynamic model of covid-19 propagation.
Derived from pymc3.Model.

Parameters below are passed to the constructor.

Attributes (Variables) are available after creation and can be accessed from
every instance. Some background:



	The simulation starts diff_data_sim days before the data.


	The data has a certain length, on which the inference is based. This
length is given by new_cases_obs.


	After the inference, a forecast takes of length fcast_len takes
place, starting on the day after the last data point in new_cases_obs.


	In total, traces produced by a model run have the length
sim_len = diff_data_sim + data_len + fcast_len


	Date ranges include both boundaries. For example, if data_begin is March
1 and data_end is March 3 then data_len will be 3.








	Parameters

	
	new_cases_obs (1 or 2d array) – If the array is two-dimensional, an hierarchical model will be constructed.
First dimension is then time, the second the region/country.


	data_begin (datatime.datetime) – Date of the first data point


	fcast_len (int [https://docs.python.org/3/library/functions.html#int]) – Number of days the simulations runs longer than the data


	diff_data_sim (int [https://docs.python.org/3/library/functions.html#int]) – Number of days the simulation starts earlier than the data. Should be
significantly longer than the delay between infection and report of cases.


	N_population (number or 1d array) – Number of inhabitance in region, needed for the S(E)IR model. Is ideally 1
dimensional if new_cases_obs is 2 dimensional


	name (string) – suffix appended to the name of random variables saved in the trace


	model – specify a model, if this one should expand another


	shifted_cases (bool [https://docs.python.org/3/library/functions.html#bool]) – when enabled (True), interprets short intervals of zero cases as days,
where no reporting happens and adds model cases to next non-zero-case day






	Variables

	
	new_cases_obs (1 or 2d array) – as passed during construction


	data_begin (datatime.datetime) – date of the first data point in the data


	data_end (datatime.datetime) – date of the last data point in the data


	sim_begin (datatime.datetime) – date at which the simulation begins


	sim_end (datatime.datetime) – date at which the simulation ends (should match fcast_end)


	fcast_begin (datatime.datetime) – date at which the forecast starts (should be one day after data_end)


	fcast_end (datatime.datetime) – data at which the forecast ends


	data_len (int [https://docs.python.org/3/library/functions.html#int]) – total number of days in the data


	sim_len (int [https://docs.python.org/3/library/functions.html#int]) – total number of days in the simulation


	fcast_len (int [https://docs.python.org/3/library/functions.html#int]) – total number of days in the forecast


	diff_data_sim (int [https://docs.python.org/3/library/functions.html#int]) – difference in days between the simulation begin and the data begin.
The simulation starting time is usually earlier than the data begin.








Example

with Cov19Model(**params) as model:
    # Define model here






	
property untransformed_freeRVs

	Returns the names of all free parameters of the model, usefull for plotting!


	Returns

	list – all variable names















Compartmental models


SIR — susceptible-infected-recovered


	
covid19_inference.model.SIR(lambda_t_log, mu, name_new_I_t='new_I_t', name_I_begin='I_begin', name_I_t='I_t', name_S_t='S_t', pr_I_begin=100, model=None, return_all=False)[source]

	Implements the susceptible-infected-recovered model.


	Parameters

	
	lambda_t_log (TensorVariable [https://theano-pymc.readthedocs.io/en/stable/library/tensor/basic.html#theano.tensor.TensorVariable]) – time series of the logarithm of the spreading rate, 1 or 2-dimensional. If 2-dimensional the first
dimension is time.


	mu (TensorVariable [https://theano-pymc.readthedocs.io/en/stable/library/tensor/basic.html#theano.tensor.TensorVariable]) – the recovery rate [image: \mu], typically a random variable. Can be 0 or 1-dimensional. If 1-dimensional,
the dimension are the different regions.


	name_new_I_t (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – Name of the new_I_t variable


	name_I_begin (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – Name of the I_begin variable


	name_I_t (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – Name of the I_t variable, set to None to avoid adding as trace variable.


	name_S_t (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – Name of the S_t variable, set to None to avoid adding as trace variable.


	pr_I_begin (float or array_like or Variable) – Prior beta of the Half-Cauchy distribution of [image: I(0)].
if type is tt.Constant, I_begin will not be inferred by pymc3


	model (Cov19Model) – if none, it is retrieved from the context


	return_all (bool [https://docs.python.org/3/library/functions.html#bool]) – if True, returns name_new_I_t, name_I_t, name_S_t otherwise returns only name_new_I_t






	Returns

	
	new_I_t (TensorVariable [https://theano-pymc.readthedocs.io/en/stable/library/tensor/basic.html#theano.tensor.TensorVariable]) – time series of the number daily newly infected persons.


	I_t (TensorVariable [https://theano-pymc.readthedocs.io/en/stable/library/tensor/basic.html#theano.tensor.TensorVariable]) – time series of the infected (if return_all set to True)


	S_t (TensorVariable [https://theano-pymc.readthedocs.io/en/stable/library/tensor/basic.html#theano.tensor.TensorVariable]) – time series of the susceptible (if return_all set to True)
















More Details


[image: I_{new}(t) &= \lambda_t I(t-1)  \frac{S(t-1)}{N}   \\ S(t) &= S(t-1) - I_{new}(t)  \\ I(t) &= I(t-1) + I_{new}(t) - \mu  I(t)]


The prior distributions of the recovery rate [image: \mu]
and [image: I(0)] are set to


[image: \mu &\sim \text{LogNormal}\left[         \log(\text{pr\_median\_mu}), \text{pr\_sigma\_mu}     \right] \\ I(0) &\sim \text{HalfCauchy}\left[         \text{pr\_beta\_I\_begin}     \right]]






SEIR-like —  susceptible-exposed-infected-recovered


	
covid19_inference.model.SEIR(lambda_t_log, mu, name_new_I_t='new_I_t', name_new_E_t='new_E_t', name_I_t='I_t', name_S_t='S_t', name_I_begin='I_begin', name_new_E_begin='new_E_begin', name_median_incubation='median_incubation', pr_I_begin=100, pr_new_E_begin=50, pr_median_mu=0.125, pr_mean_median_incubation=4, pr_sigma_median_incubation=1, sigma_incubation=0.4, pr_sigma_mu=0.2, model=None, return_all=False)[source]

	Implements a model similar to the susceptible-exposed-infected-recovered model.
Instead of a exponential decaying incubation period, the length of the period is
lognormal distributed.


	Parameters

	
	lambda_t_log (TensorVariable [https://theano-pymc.readthedocs.io/en/stable/library/tensor/basic.html#theano.tensor.TensorVariable]) – time series of the logarithm of the spreading rate, 1 or 2-dimensional. If 2-dimensional, the first
dimension is time.


	mu (TensorVariable [https://theano-pymc.readthedocs.io/en/stable/library/tensor/basic.html#theano.tensor.TensorVariable]) – the recovery rate [image: \mu], typically a random variable. Can be 0 or
1-dimensional. If 1-dimensional, the dimension are the different regions.


	name_new_I_t (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – Name of the new_I_t variable


	name_I_t (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – Name of the I_t variable


	name_S_t (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – Name of the S_t variable


	name_I_begin (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – Name of the I_begin variable


	name_new_E_begin (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – Name of the new_E_begin variable


	name_median_incubation (str [https://docs.python.org/3/library/stdtypes.html#str]) – The name under which the median incubation time is saved in the trace


	pr_I_begin (float [https://docs.python.org/3/library/functions.html#float] or array_like) – Prior beta of the HalfCauchy [https://docs.pymc.io/api/distributions/continuous.html#pymc3.distributions.continuous.HalfCauchy]
distribution of [image: I(0)].
if type is tt.Variable, I_begin will be set to the provided prior as
a constant.


	pr_new_E_begin (float [https://docs.python.org/3/library/functions.html#float] or array_like) – Prior beta of the HalfCauchy [https://docs.pymc.io/api/distributions/continuous.html#pymc3.distributions.continuous.HalfCauchy]
distribution of [image: E(0)].


	pr_median_mu (float [https://docs.python.org/3/library/functions.html#float] or array_like) – Prior for the median of the
Lognormal [https://docs.pymc.io/api/distributions/continuous.html#pymc3.distributions.continuous.Lognormal] distribution of the
recovery rate [image: \mu].


	pr_mean_median_incubation – Prior mean of the Normal [https://docs.pymc.io/api/distributions/continuous.html#pymc3.distributions.continuous.Normal]
distribution of the median incubation delay  [image: d_{\text{incubation}}].
Defaults to 4 days [Nishiura2020], which is the median serial interval (the
important measure here is not exactly the incubation period, but the delay
until a person becomes infectious which seems to be about 1 day earlier as
showing symptoms).


	pr_sigma_median_incubation (number or None [https://docs.python.org/3/library/constants.html#None]) – Prior sigma of the Normal [https://docs.pymc.io/api/distributions/continuous.html#pymc3.distributions.continuous.Normal]
distribution of the median incubation delay  [image: d_{\text{incubation}}].
If None, the incubation time will be fixed to the value of
pr_mean_median_incubation instead of a random variable
Default is 1 day.


	sigma_incubation – Scale parameter of the Lognormal [https://docs.pymc.io/api/distributions/continuous.html#pymc3.distributions.continuous.Lognormal]
distribution of the incubation time/ delay until infectiousness. The default
is set to 0.4, which is about the scale found in [Nishiura2020],
[Lauer2020].


	pr_sigma_mu (float [https://docs.python.org/3/library/functions.html#float] or array_like) – Prior for the sigma of the lognormal distribution of recovery rate
[image: \mu].


	model (Cov19Model) – if none, it is retrieved from the context


	return_all (bool [https://docs.python.org/3/library/functions.html#bool]) – if True, returns name_new_I_t, name_new_E_t,  name_I_t,
name_S_t otherwise returns only name_new_I_t






	Returns

	
	name_new_I_t (TensorVariable [https://theano-pymc.readthedocs.io/en/stable/library/tensor/basic.html#theano.tensor.TensorVariable]) – time series of the number daily newly infected persons.


	name_new_E_t (TensorVariable [https://theano-pymc.readthedocs.io/en/stable/library/tensor/basic.html#theano.tensor.TensorVariable]) – time series of the number daily newly exposed persons. (if return_all set to
True)


	name_I_t (TensorVariable [https://theano-pymc.readthedocs.io/en/stable/library/tensor/basic.html#theano.tensor.TensorVariable]) – time series of the infected (if return_all set to True)


	name_S_t (TensorVariable [https://theano-pymc.readthedocs.io/en/stable/library/tensor/basic.html#theano.tensor.TensorVariable]) – time series of the susceptible (if return_all set to True)
















More Details


[image: E_{\text{new}}(t) &= \lambda_t I(t-1) \frac{S(t)}{N}   \\ S(t) &= S(t-1) - E_{\text{new}}(t)  \\ I_\text{new}(t) &= \sum_{k=1}^{10} \beta(k) E_{\text{new}}(t-k)   \\ I(t) &= I(t-1) + I_{\text{new}}(t) - \mu  I(t) \\ \beta(k) & = P(k) \sim \text{LogNormal}\left[         \log(d_{\text{incubation}}), \text{sigma\_incubation}     \right]]


The recovery rate [image: \mu] and the incubation period is the same for all regions and follow respectively:


[image: P(\mu) &\sim \text{LogNormal}\left[        \text{log(pr\_median\_mu), pr\_sigma\_mu}    \right] \\ P(d_{\text{incubation}}) &\sim \text{Normal}\left[        \text{pr\_mean\_median\_incubation, pr\_sigma\_median\_incubation}    \right]]


The initial number of infected and newly exposed differ for each region and follow prior HalfCauchy [https://docs.pymc.io/api/distributions/continuous.html#pymc3.distributions.continuous.HalfCauchy] distributions:


[image: E(t)  &\sim \text{HalfCauchy}\left[         \text{pr\_beta\_E\_begin}     \right] \:\: \text{for} \: t \in {-9, -8, ..., 0}\\ I(0)  &\sim \text{HalfCauchy}\left[         \text{pr\_beta\_I\_begin}     \right].]
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Likelihood


	
covid19_inference.model.student_t_likelihood(cases, name_student_t='_new_cases_studentT', name_sigma_obs='sigma_obs', pr_beta_sigma_obs=30, nu=4, offset_sigma=1, model=None, data_obs=None)[source]

	Set the likelihood to apply to the model observations (model.new_cases_obs)
We assume a StudentT [https://docs.pymc.io/api/distributions/continuous.html#pymc3.distributions.continuous.StudentT] distribution because it is robust against outliers [Lange1989].
The likelihood follows:


[image: P(\text{data\_obs}) &\sim StudentT(\text{mu} = \text{new\_cases\_inferred}, sigma =\sigma, \text{nu} = \text{nu})\\ \sigma &= \sigma_r \sqrt{\text{new\_cases\_inferred} + \text{offset\_sigma}}]


The parameter [image: \sigma_r] follows
a HalfCauchy [https://docs.pymc.io/api/distributions/continuous.html#pymc3.distributions.continuous.HalfCauchy] prior distribution with parameter beta set by
pr_beta_sigma_obs. If the input is 2 dimensional, the parameter [image: \sigma_r] is different for every region.


	Parameters

	
	cases (TensorVariable [https://theano-pymc.readthedocs.io/en/stable/library/tensor/basic.html#theano.tensor.TensorVariable]) – The daily new cases estimated by the model.
Will be compared to  the real world data data_obs.
One or two dimensonal array. If 2 dimensional, the first dimension is time
and the second are the regions/countries


	name_student_t – The name under which the studentT distribution is saved in the trace.


	name_sigma_obs – The name under which the distribution of the observable error is saved in the trace


	pr_beta_sigma_obs (float [https://docs.python.org/3/library/functions.html#float]) – The beta of the HalfCauchy [https://docs.pymc.io/api/distributions/continuous.html#pymc3.distributions.continuous.HalfCauchy] prior distribution of [image: \sigma_r].


	nu (float [https://docs.python.org/3/library/functions.html#float]) – How flat the tail of the distribution is. Larger nu should  make the model
more robust to outliers. Defaults to 4 [Lange1989].


	offset_sigma (float [https://docs.python.org/3/library/functions.html#float]) – An offset added to the sigma, to make the inference procedure robust. Otherwise numbers of
cases would lead to very small errors and diverging likelihoods. Defaults to 1.


	model – The model on which we want to add the distribution


	data_obs (array) – The data that is observed. By default it is model.new_cases_obs






	Returns

	None





References
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Spreading Rate


	
covid19_inference.model.lambda_t_with_sigmoids(change_points_list, pr_median_lambda_0, pr_sigma_lambda_0=0.5, model=None, name_lambda_t='lambda_t', hierarchical=None, sigma_lambda_cp=None, sigma_lambda_week_cp=None, prefix_lambdas='', shape=None)[source]

	Builds a time dependent spreading rate [image: \lambda_t] with change points. The change points are marked by
a transient with a sigmoidal shape, with at


	Parameters

	
	change_points_list – 


	pr_median_lambda_0 – 


	pr_sigma_lambda_0 – 


	model (Cov19Model) – if none, it is retrieved from the context






	Returns

	lambda_t_log






Todo

Documentation on this









Delay


	
covid19_inference.model.delay_cases(cases, name_delay='delay', name_cases=None, name_width='delay-width', pr_mean_of_median=10, pr_sigma_of_median=0.2, pr_median_of_width=0.3, pr_sigma_of_width=None, model=None, len_input_arr=None, len_output_arr=None, diff_input_output=None, num_variants=None)[source]

	Convolves the input by a lognormal distribution, in order to model a delay:


	We have a kernel (a distribution) of delays, one realization of this kernel is
applied to each pymc3 sample.


	The kernel has a median delay D and a width that correspond to this one
sample. Doing the ensemble average over all samples and the respective
kernels, we get two distributions: one of the median delay D and one of the
width.


	The (normal) distribution of the median of D is specified using
pr_mean_of_median and pr_sigma_of_median.


	The (lognormal) distribution of the width of the kernel of D is specified
using pr_median_of_width and pr_sigma_of_width. If
pr_sigma_of_width is None, the width is fixed (skipping the second
distribution).





	Parameters

	
	cases (TensorVariable [https://theano-pymc.readthedocs.io/en/stable/library/tensor/basic.html#theano.tensor.TensorVariable]) – The input, typically the number of newly infected cases from the output of
SIR() or SEIR().


	name_delay (str [https://docs.python.org/3/library/stdtypes.html#str]) – The name under which the delay is saved in the trace, suffixes and prefixes
are added depending on which variable is saved.
Default : “delay”


	name_cases (str [https://docs.python.org/3/library/stdtypes.html#str] or None [https://docs.python.org/3/library/constants.html#None]) – The name under which the delayed cases are saved in the trace.
If None, no variable will be added to the trace.
Default: “delayed_cases”


	pr_mean_of_median (float [https://docs.python.org/3/library/functions.html#float]) – The mean of the normal distribution
which models the prior median of the
LogNormal delay kernel.
Default: 10.0 (days)


	pr_sigma_of_median (float [https://docs.python.org/3/library/functions.html#float]) – The standart devaiation of normal
distribution which models the prior median of the
LogNormal delay kernel.
Default: 0.2


	pr_median_of_width (float [https://docs.python.org/3/library/functions.html#float]) – The scale (width) of the LogNormal
delay kernel.
Default: 0.3


	pr_sigma_of_width (float [https://docs.python.org/3/library/functions.html#float] or None [https://docs.python.org/3/library/constants.html#None]) – Whether to put a prior distribution on the scale (width)
of the distribution of the delays, too.
If a number is provided, the scale of the delay kernel follows
a prior LogNormal distribution, with median
pr_median_scale_delay and scale pr_sigma_scale_delay.
Default: None, and no distribution is applied.


	model (Cov19Model or None) – The model to use.
Default: None, model is retrieved automatically from the context






	Other Parameters

	
	len_input_arr – Length of new_I_t. By default equal to model.sim_len. Necessary
because the shape of theano tensors are not defined at when the graph is
built.


	len_output_arr (int) – Length of the array returned. By default it set to the length of the
cases_obs saved in the model plus the number of days of the forecast.


	diff_input_output (int) – Number of days the returned array begins later then the input. Should be
significantly larger than the median delay. By default it is set to the
model.diff_data_sim.


	num_variants (int) – If you are not using the hierachical model but still want to apply a delay
to multidimensional casenumbers. This is the shape of your last dimension.






	Returns

	delayed_cases (TensorVariable [https://theano-pymc.readthedocs.io/en/stable/library/tensor/basic.html#theano.tensor.TensorVariable]) – The delayed input [image: y_\text{delayed}(t)],
typically the daily number new cases that one expects to measure.










More Details


[image: y_\text{delayed}(t) &= \sum_{\tau=0}^T y_\text{input}(\tau) \text{LogNormal}\left[     \log(\text{delay}), \text{pr\_median\_scale\_delay} \right](t - \tau) \\ \log(\text{delay}) &= \text{Normal}\left[     \log(\text{pr\_sigma\_delay} ), \text{pr\_sigma\_delay} \right]]


The LogNormal distribution is a function evaluated at [image: t - \tau].

If the model is 2-dimensional (hierarchical), the [image: \log(\text{delay})] is hierarchically
modelled with the hierarchical_normal() function using the default parameters
except that the prior sigma of delay_L2 is HalfNormal distributed
(error_cauchy=False).




Week modulation


	
covid19_inference.model.week_modulation(cases, name_cases=None, name_weekend_factor='weekend_factor', name_offset_modulation='offset_modulation', week_modulation_type='abs_sine', pr_mean_weekend_factor=0.3, pr_sigma_weekend_factor=0.5, weekend_days=(6, 7), model=None)[source]

	Adds a weekly modulation of the number of new cases:


[image: \text{new\_cases} &= \text{new\_cases\_raw} \cdot (1-f(t))\,, \qquad\text{with}\\ f(t) &= f_w \cdot \left(1 - \left|\sin\left(\frac{\pi}{7} t- \frac{1}{2}\Phi_w\right)\right| \right),]


if week_modulation_type is "abs_sine" (the default). If week_modulation_type is "step", the
new cases are simply multiplied by the weekend factor on the days set by weekend_days

The weekend factor [image: f_w] follows a Lognormal distribution with
median pr_mean_weekend_factor and sigma pr_sigma_weekend_factor. It is hierarchically constructed if
the input is two-dimensional by the function hierarchical_normal() with default arguments.

The offset from Sunday [image: \Phi_w] follows a flat VonMises [https://docs.pymc.io/api/distributions/continuous.html#pymc3.distributions.continuous.VonMises] distribution
and is the same for all regions.


	Parameters

	
	cases (TensorVariable [https://theano-pymc.readthedocs.io/en/stable/library/tensor/basic.html#theano.tensor.TensorVariable]) – The input array of daily new cases, can be one- or two-dimensional


	name_cases (str [https://docs.python.org/3/library/stdtypes.html#str] or None [https://docs.python.org/3/library/constants.html#None],) – The name under which to save the cases as a trace variable.
Default: None, cases are not stored in the trace.


	week_modulation_type (str [https://docs.python.org/3/library/stdtypes.html#str]) – The type of modulation, accepts "step" or  "abs_sine (the default).


	pr_mean_weekend_factor (float [https://docs.python.org/3/library/functions.html#float]) – Sets the prior mean of the factor [image: f_w] by which weekends are counted.


	pr_sigma_weekend_factor (float [https://docs.python.org/3/library/functions.html#float]) – Sets the prior sigma of the factor [image: f_w] by which weekends are counted.


	weekend_days (tuple of ints) – The days counted as weekend if week_modulation_type is "step"


	model (Cov19Model) – if none, it is retrieved from the context






	Returns

	new_cases (TensorVariable [https://theano-pymc.readthedocs.io/en/stable/library/tensor/basic.html#theano.tensor.TensorVariable])











Utility


	
covid19_inference.model.utility.hierarchical_normal(pr_mean, pr_sigma, name_L1='delay_hc_L1', name_L2='delay_hc_L2', name_sigma='delay_hc_sigma', model=None, error_fact=2.0, error_cauchy=True, shape=None)[source]

	Implements an hierarchical normal model:


[image: x_\text{L1} &= Normal(\text{pr\_mean}, \text{pr\_sigma})\\ y_{i, \text{L2}} &= Normal(x_\text{L1}, \sigma_\text{L2})\\ \sigma_\text{L2} &= HalfCauchy(\text{error\_fact} \cdot \text{pr\_sigma})]


It is however implemented in a non-centered way, that the second line is changed to:



[image: y_{i, \text{L2}} &= x_\text{L1} +  Normal(0,1) \cdot \sigma_\text{L2}]





See for example https://arxiv.org/pdf/1312.0906.pdf


	Parameters

	
	name_L1 (str [https://docs.python.org/3/library/stdtypes.html#str]) – Name under which [image: x_\text{L1}] is saved in the trace.


	name_L2 (str [https://docs.python.org/3/library/stdtypes.html#str]) – Name under which [image: x_\text{L2}] is saved in the trace. The non-centered distribution in addition
saved with a suffix _raw added.


	name_sigma (str [https://docs.python.org/3/library/stdtypes.html#str]) – Name under which [image: \sigma_\text{L2}] is saved in the trace.


	pr_mean (float [https://docs.python.org/3/library/functions.html#float]) – Prior mean of [image: x_\text{L1}]


	pr_sigma (float [https://docs.python.org/3/library/functions.html#float]) – Prior sigma for [image: x_\text{L1}] and (muliplied by error_fact) for [image: \sigma_\text{L2}]


	len_L2 (int [https://docs.python.org/3/library/functions.html#int]) – length of [image: y_\text{L2}]


	error_fact (float [https://docs.python.org/3/library/functions.html#float]) – Factor by which pr_sigma is multiplied as prior for sigma_text{L2}


	error_cauchy (bool [https://docs.python.org/3/library/functions.html#bool]) – if False, a [image: HalfNormal] distribution is used for [image: \sigma_\text{L2}] instead of [image: HalfCauchy]






	Returns

	
	y (TensorVariable [https://theano-pymc.readthedocs.io/en/stable/library/tensor/basic.html#theano.tensor.TensorVariable]) – the random variable [image: y_\text{L2}]


	x (TensorVariable [https://theano-pymc.readthedocs.io/en/stable/library/tensor/basic.html#theano.tensor.TensorVariable]) – the random variable [image: x_\text{L1}]















	
covid19_inference.model.utility.tt_lognormal(x, mu, sigma)[source]

	Calculates a lognormal pdf for integer spaced x input.






	
covid19_inference.model.utility.tt_gamma(x, mu=None, sigma=None, alpha=None, beta=None)[source]

	Calculates a gamma distribution pdf for integer spaced x input. Parametrized similarly to
Gamma [https://docs.pymc.io/api/distributions/continuous.html#pymc3.distributions.continuous.Gamma]
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Utility


	
covid19_inference.data_retrieval.retrieval.set_data_dir(fname=None, permissions=None)[source]

	Set the global variable _data_dir. New downloaded data is placed there.
If no argument provided we try the default tmp directory.
If permissions are not provided, uses defaults if fname is in user folder.
If not in user folder, tries to set 777.






	
covid19_inference.data_retrieval.retrieval.backup_instances(trace=None, model=None, fname='latest_')[source]

	helper to save or load trace and model instances.
loads from fname if provided traces and model variables are None,
else saves them there.







Johns Hops University


	
class covid19_inference.data_retrieval.JHU(auto_download=False)[source]

	This class can be used to retrieve and filter the dataset from the online repository of the coronavirus visual dashboard operated
by the Johns Hopkins University [https://coronavirus.jhu.edu/].


	Features
	
	download all files from the online repository of the coronavirus visual dashboard operated by the Johns Hopkins University.


	filter by deaths, confirmed cases and recovered cases


	filter by country and state


	filter by date








Example

jhu = cov19.data_retrieval.JHU()
jhu.download_all_available_data()

#Acess the data by
jhu.data
#or
jhu.get_new("confirmed","Italy")
jhu.get_total(filter)






	
__init__(auto_download=False)[source]

	On init of this class the base Retrieval Class __init__ is called, with jhu specific
arguments.


	Parameters

	auto_download (bool [https://docs.python.org/3/library/functions.html#bool], optional) – Whether or not to automatically call the download_all_available_data() method.
One should explicitly call this method for more configuration options
(default: false)










	
download_all_available_data(force_local=False, force_download=False)[source]

	Attempts to download from the main urls (self.url_csv) which was set on initialization of
this class.
If this fails it downloads from the fallbacks. It can also be specified to use the local files
or to force the download. The download methods get inhereted from the base retrieval class.


	Parameters

	
	force_local (bool [https://docs.python.org/3/library/functions.html#bool], optional) – If True forces to load the local files.


	force_download (bool [https://docs.python.org/3/library/functions.html#bool], optional) – If True forces the download of new files













	
get_total_confirmed_deaths_recovered(country: str = None, state: str = None, begin_date: datetime.datetime = None, end_date: datetime.datetime = None)[source]

	Retrieves all confirmed, deaths and recovered cases from the Johns Hopkins University dataset as a DataFrame with datetime index.
Can be filtered by country and state, if only a country is given all available states get summed up.


	Parameters

	
	country (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – name of the country (the “Country/Region” column), can be None if the whole summed up data is wanted (why would you do this?)


	state (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – name of the state (the “Province/State” column), can be None if country is set or the whole summed up data is wanted


	begin_date (datetime.datetime [https://docs.python.org/3/library/datetime.html#datetime.datetime], optional) – intial date for the returned data, if no value is given the first date in the dataset is used


	end_date (datetime.datetime [https://docs.python.org/3/library/datetime.html#datetime.datetime], optional) – last date for the returned data, if no value is given the most recent date in the dataset is used






	Returns

	pandas.DataFrame










	
get_new(value='confirmed', country: str = None, state: str = None, data_begin: datetime.datetime = None, data_end: datetime.datetime = None)[source]

	Retrieves all new cases from the Johns Hopkins University dataset as a DataFrame with datetime index.
Can be filtered by value, country and state, if only a country is given all available states get summed up.


	Parameters

	
	value (str [https://docs.python.org/3/library/stdtypes.html#str]) – Which data to return, possible values are
- “confirmed”,
- “recovered”,
- “deaths”
(default: “confirmed”)


	country (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – name of the country (the “Country/Region” column), can be None


	state (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – name of the state (the “Province/State” column), can be None


	begin_date (datetime.datetime [https://docs.python.org/3/library/datetime.html#datetime.datetime], optional) – intial date for the returned data, if no value is given the first date in the dataset is used


	end_date (datetime.datetime [https://docs.python.org/3/library/datetime.html#datetime.datetime], optional) – last date for the returned data, if no value is given the most recent date in the dataset is used






	Returns

	pandas.DataFrame – table with new cases and the date as index










	
get_total(value='confirmed', country: str = None, state: str = None, data_begin: datetime.datetime = None, data_end: datetime.datetime = None)[source]

	Retrieves all total/cumulative cases from the Johns Hopkins University dataset as a DataFrame with datetime index.
Can be filtered by value, country and state, if only a country is given all available states get summed up.


	Parameters

	
	value (str [https://docs.python.org/3/library/stdtypes.html#str]) – Which data to return, possible values are
- “confirmed”,
- “recovered”,
- “deaths”
(default: “confirmed”)


	country (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – name of the country (the “Country/Region” column), can be None


	state (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – name of the state (the “Province/State” column), can be None


	begin_date (datetime.datetime [https://docs.python.org/3/library/datetime.html#datetime.datetime], optional) – intial date for the returned data, if no value is given the first date in the dataset is used


	end_date (datetime.datetime [https://docs.python.org/3/library/datetime.html#datetime.datetime], optional) – last date for the returned data, if no value is given the most recent date in the dataset is used






	Returns

	pandas.DataFrame – table with total/cumulative cases and the date as index










	
filter_date(df, begin_date: datetime.datetime = None, end_date: datetime.datetime = None)[source]

	Returns give dataframe between begin and end date. Dataframe has to have a datetime index.


	Parameters

	
	begin_date (datetime.datetime [https://docs.python.org/3/library/datetime.html#datetime.datetime], optional) – First day that should be filtered


	end_date (datetime.datetime [https://docs.python.org/3/library/datetime.html#datetime.datetime], optional) – Last day that should be filtered






	Returns

	pandas.DataFrame










	
get_possible_countries_states()[source]

	Can be used to get a list with all possible states and coutries.


	Returns

	pandas.DataFrame in the format















Robert Koch Institute


	
class covid19_inference.data_retrieval.RKI(auto_download=False)[source]

	This class can be used to retrieve and filter the dataset from the Robert Koch Institute Robert Koch Institute [https://www.rki.de/].
The data gets retrieved from the arcgis [https://www.arcgis.com/sharing/rest/content/items/f10774f1c63e40168479a1feb6c7ca74/data]  dashboard.


	Features
	
	download the full dataset


	filter by date


	filter by bundesland


	filter by recovered, deaths and confirmed cases








Example

rki = cov19.data_retrieval.RKI()
rki.download_all_available_data()

#Acess the data by
rki.data
#or
rki.get_new("confirmed","Sachsen")
rki.get_total(filter)






	
__init__(auto_download=False)[source]

	On init of this class the base Retrieval Class __init__ is called, with rki specific
arguments.


	Parameters

	auto_download (bool [https://docs.python.org/3/library/functions.html#bool], optional) – Whether or not to automatically call the download_all_available_data() method.
One should explicitly call this method for more configuration options
(default: false)










	
download_all_available_data(force_local=False, force_download=False)[source]

	Attempts to download from the main url (self.url_csv) which was given on initialization.
If this fails download from the fallbacks. It can also be specified to use the local files
or to force the download. The download methods get inhereted from the base retrieval class.


	Parameters

	
	force_local (bool [https://docs.python.org/3/library/functions.html#bool], optional) – If True forces to load the local files.


	force_download (bool [https://docs.python.org/3/library/functions.html#bool], optional) – If True forces the download of new files













	
get_total(value='confirmed', bundesland: str = None, landkreis: str = None, data_begin: datetime.datetime = None, data_end: datetime.datetime = None, date_type: str = 'date', age_group=None)[source]

	Gets all total confirmed cases for a region as dataframe with date index. Can be filtered with multiple arguments.


	Parameters

	
	value (str [https://docs.python.org/3/library/stdtypes.html#str]) – Which data to return, possible values are
- “confirmed”,
- “recovered”,
- “deaths”
(default: “confirmed”)


	bundesland (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – if no value is provided it will use the full summed up dataset for Germany


	landkreis (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – if no value is provided it will use the full summed up dataset for the region (bundesland)


	data_begin (datetime.datetime [https://docs.python.org/3/library/datetime.html#datetime.datetime], optional) – initial date, if no value is provided it will use the first possible date


	data_end (datetime.datetime [https://docs.python.org/3/library/datetime.html#datetime.datetime], optional) – last date, if no value is provided it will use the most recent possible date


	date_type (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – type of date to use: reported date ‘date’ (Meldedatum in the original dataset), or symptom date ‘date_ref’ (Refdatum in the original dataset)


	age_group (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – Choosen age group. To get the possible combinations use possible_age_groups().






	Returns

	pandas.DataFrame










	
get_new(value='confirmed', bundesland: str = None, landkreis: str = None, data_begin: datetime.datetime = None, data_end: datetime.datetime = None, date_type: str = 'date', age_group=None)[source]

	Retrieves all new cases from the Robert Koch Institute dataset as a DataFrame with datetime index.
Can be filtered by value, bundesland and landkreis, if only a country is given all available states get summed up.


	Parameters

	
	value (str [https://docs.python.org/3/library/stdtypes.html#str]) – Which data to return, possible values are
- “confirmed”,
- “recovered”,
- “deaths”
(default: “confirmed”)


	bundesland (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – if no value is provided it will use the full summed up dataset for Germany


	landkreis (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – if no value is provided it will use the full summed up dataset for the region (bundesland)


	data_begin (datetime.datetime [https://docs.python.org/3/library/datetime.html#datetime.datetime], optional) – intial date for the returned data, if no value is given the first date in the dataset is used,
if none is given could yield errors


	data_end (datetime.datetime [https://docs.python.org/3/library/datetime.html#datetime.datetime], optional) – last date for the returned data, if no value is given the most recent date in the dataset is used


	age_group (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – Choosen age group. To get the possible combinations use possible_age_groups().






	Returns

	pandas.DataFrame – table with daily new confirmed and the date as index










	
filter(data_begin: datetime.datetime = None, data_end: datetime.datetime = None, variable='confirmed', date_type='date', level=None, value=None, age_group=None)[source]

	Filters the obtained dataset for a given time period and returns an array ONLY containing only the desired variable.


	Parameters

	
	data_begin (datetime.datetime [https://docs.python.org/3/library/datetime.html#datetime.datetime], optional) – initial date, if no value is provided it will use the first possible date


	data_end (datetime.datetime [https://docs.python.org/3/library/datetime.html#datetime.datetime], optional) – last date, if no value is provided it will use the most recent possible date


	variable (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – type of variable to return
possible types are:
“confirmed”      : cases (default)
“AnzahlTodesfall” : deaths
“AnzahlGenesen”   : recovered


	date_type (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – type of date to use: reported date ‘date’ (Meldedatum in the original dataset), or symptom date ‘date_ref’ (Refdatum in the original dataset)


	level (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – 
	possible strings are:
	”None”       : return data from all Germany (default)
“Bundesland” : a state
“Landkreis”  : a region








	value (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – string of the state/region
e.g. “Sachsen”


	age_group (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – Choosen age group. To get the possible combinations use possible_age_groups().






	Returns

	pd.DataFrame – array with ONLY the requested variable, in the requested range. (one dimensional)










	
filter_all_bundesland(begin_date: datetime.datetime = None, end_date: datetime.datetime = None, variable='confirmed', date_type='date')[source]

	Filters the full RKI dataset


	Parameters

	
	df (DataFrame) – RKI dataframe, from get_rki()


	begin_date (datetime.datetime [https://docs.python.org/3/library/datetime.html#datetime.datetime]) – initial date to return


	end_date (datetime.datetime [https://docs.python.org/3/library/datetime.html#datetime.datetime]) – last date to return


	variable (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – type of variable to return: cases (“AnzahlFall”), deaths (“AnzahlTodesfall”), recovered (“AnzahlGenesen”)


	date_type (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – type of date to use: reported date ‘date’ (Meldedatum in the original dataset), or symptom date ‘date_ref’ (Refdatum in the original dataset)






	Returns

	pd.DataFrame – DataFrame with datetime dates as index, and all German regions (bundesländer) as columns










	
possible_age_groups()[source]

	Returns the valid age groups in the dataset.











Robert Koch Institute situation reports


	
class covid19_inference.data_retrieval.RKIsituationreports(auto_download=False)[source]

	As mentioned by Matthias Linden, the daily situation reports have more available data.
This class retrieves this additional data from Matthias website and parses it into the format we use i.e. a datetime index.

Interesting new data is for example ICU cases, deaths and recorded symptoms. For now one can look at the data by running

Example

rki_si_re = cov19.data_retrieval.RKIsituationreports(True)
print(rki_si_re.data)






Todo

Filter functions for ICU, Symptoms and maybe even daily new cases for the respective categories.




	
__init__(auto_download=False)[source]

	On init of this class the base Retrieval Class __init__ is called, with rki situation reports specific
arguments.


	Parameters

	auto_download (bool [https://docs.python.org/3/library/functions.html#bool], optional) – Whether or not to automatically call the download_all_available_data() method.
One should explicitly call this method for more configuration options
(default: false)










	
download_all_available_data(force_local=False, force_download=False)[source]

	Attempts to download from the main url (self.url_csv) which was given on initialization.
If this fails download from the fallbacks. It can also be specified to use the local files
or to force the download. The download methods get inhereted from the base retrieval class.


	Parameters

	
	force_local (bool [https://docs.python.org/3/library/functions.html#bool], optional) – If True forces to load the local files.


	force_download (bool [https://docs.python.org/3/library/functions.html#bool], optional) – If True forces the download of new files


















Google


	
class covid19_inference.data_retrieval.GOOGLE(auto_download=False)[source]

	This class can be used to retrieve the mobility dataset from
Google [https://coronavirus.jhu.edu/].

Example

gl = cov19.data_retrieval.GOOGLE()
gl.download_all_available_data()

#Acess the data by
gl.data
#or
gl.get_changes(filter)






	
__init__(auto_download=False)[source]

	On init of this class the base Retrieval Class __init__ is called, with google specific
arguments.


	Parameters

	auto_download (bool [https://docs.python.org/3/library/functions.html#bool], optional) – Whether or not to automatically call the download_all_available_data() method.
One should explicitly call this method for more configuration options
(default: false)










	
download_all_available_data(force_local=False, force_download=False)[source]

	Attempts to download from the main url (self.url_csv) which was given on initialization.
If this fails download from the fallbacks. It can also be specified to use the local files
or to force the download. The download methods get inhereted from the base retrieval class.


	Parameters

	
	force_local (bool [https://docs.python.org/3/library/functions.html#bool], optional) – If True forces to load the local files.


	force_download (bool [https://docs.python.org/3/library/functions.html#bool], optional) – If True forces the download of new files













	
get_changes(country: str, state: str = None, region: str = None, data_begin: datetime.datetime = None, data_end: datetime.datetime = None)[source]

	Returns a dataframe with the relative changes in mobility to a baseline, provided by google.
They are separated into “retail and recreation”, “grocery and pharmacy”, “parks”, “transit”, “workplaces” and “residental”.
Filterable for country, state and region and date.


	Parameters

	
	country (str [https://docs.python.org/3/library/stdtypes.html#str]) – Selected country for the mobility data.


	state (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – State for the selected data if no value is selected the whole country is chosen


	region (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – Region for the selected data if  no value is selected the whole region/country is chosen


	data_end (data_begin,) – Filter for the desired time period






	Returns

	pandas.DataFrame










	
get_possible_counties_states_regions()[source]

	Can be used to obtain all different possible countries with there corresponding possible states and regions.


	Returns

	pandas.DataFrame















Our World in Data


	
class covid19_inference.data_retrieval.OWD(auto_download=False)[source]

	This class can be used to retrieve the testings dataset from
Our World in Data [https://ourworldindata.org/coronavirus].

Example

owd = cov19.data_retrieval.OWD()
owd.download_all_available_data()






	
__init__(auto_download=False)[source]

	On init of this class the base Retrieval Class __init__ is called, with google specific
arguments.


	Parameters

	auto_download (bool [https://docs.python.org/3/library/functions.html#bool], optional) – Whether or not to automatically call the download_all_available_data() method.
One should explicitly call this method for more configuration options
(default: false)










	
download_all_available_data(force_local=False, force_download=False)[source]

	Attempts to download from the main url (self.url_csv) which was given on initialization.
If this fails download from the fallbacks. It can also be specified to use the local files
or to force the download. The download methods get inhereted from the base retrieval class.


	Parameters

	
	force_local (bool [https://docs.python.org/3/library/functions.html#bool], optional) – If True forces to load the local files.


	force_download (bool [https://docs.python.org/3/library/functions.html#bool], optional) – If True forces the download of new files













	
get_possible_countries()[source]

	Can be used to obtain all different possible countries in the dataset.


	Returns

	pandas.DataFrame










	
get_total(value='tests', country=None, data_begin=None, data_end=None)[source]

	Retrieves all new cases from the Our World in Data dataset as a DataFrame with datetime index.
Can be filtered by value, country and state, if only a country is given all available states get summed up.


	Parameters

	
	value (str [https://docs.python.org/3/library/stdtypes.html#str]) – Which data to return, possible values are
- “confirmed”,
- “tests”,
- “deaths”,
- “vacination”
(default: “confirmed”)


	country (str [https://docs.python.org/3/library/stdtypes.html#str]) – name of the country


	begin_date (datetime.datetime [https://docs.python.org/3/library/datetime.html#datetime.datetime], optional) – intial date for the returned data, if no value is given the first date in the dataset is used


	end_date (datetime.datetime [https://docs.python.org/3/library/datetime.html#datetime.datetime], optional) – last date for the returned data, if no value is given the most recent date in the dataset is used






	Returns

	pandas.DataFrame – table with new cases and the date as index










	
get_new(value='tests', country=None, data_begin=None, data_end=None)[source]

	Retrieves all new cases from the Our World in Data dataset as a DataFrame with datetime index.
casesn be filtered by value, country and state, if only a country is given all available states get summed up.


	Parameters

	
	value (str [https://docs.python.org/3/library/stdtypes.html#str]) – Which data to return, possible values are
- “confirmed”,
- “tests”,
- “deaths”
(default: “confirmed”)


	country (str [https://docs.python.org/3/library/stdtypes.html#str]) – name of the country


	begin_date (datetime.datetime [https://docs.python.org/3/library/datetime.html#datetime.datetime], optional) – intial date for the returned data, if no value is given the first date in the dataset is used


	end_date (datetime.datetime [https://docs.python.org/3/library/datetime.html#datetime.datetime], optional) – last date for the returned data, if no value is given the most recent date in the dataset is used






	Returns

	pandas.DataFrame – table with new cases and the date as index















Financial times


	
class covid19_inference.data_retrieval.FINANCIAL_TIMES(auto_download=False)[source]

	This class can be used to retrieve the excess mortality data from the Financial Times
github repository [https://github.com/Financial-Times/coronavirus-excess-mortality-data].

Example

ft = cov19.data_retrieval.FINANCIAL_TIMES()
ft.download_all_available_data()

#Access the data by
ft.data
#or
ft.get(filter) #see below






	
__init__(auto_download=False)[source]

	On init of this class the base Retrieval Class __init__ is called, with financial
times specific arguments.


	Parameters

	auto_download (bool [https://docs.python.org/3/library/functions.html#bool], optional) – Whether or not to automatically call the download_all_available_data() method.
One should explicitly call this method for more configuration options
(default: false)










	
download_all_available_data(force_local=False, force_download=False)[source]

	Attempts to download from the main url (self.url_csv) which was given on initialization.
If this fails download from the fallbacks. It can also be specified to use the local files
or to force the download. The download methods get inhereted from the base retrieval class.


	Parameters

	
	force_local (bool [https://docs.python.org/3/library/functions.html#bool], optional) – If True forces to load the local files.


	force_download (bool [https://docs.python.org/3/library/functions.html#bool], optional) – If True forces the download of new files













	
get(value='excess_deaths', country: str = 'Germany', state: str = None, data_begin: datetime.datetime = None, data_end: datetime.datetime = None)[source]

	Retrieves specific data from the dataset, can be filtered by date, country and state.


	Parameters

	
	value (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – Which data to return, possible values are
- “deaths”,
- “expected_deaths”,
- “excess_deaths”,
- “excess_deaths_pct”
(default: “excess_deaths”)


	country (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – 


	state (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – Possible countries and states can be retrieved by the get_possible_countries_states() method.


	begin_date (datetime.datetime [https://docs.python.org/3/library/datetime.html#datetime.datetime], optional) – First day that should be filtered


	end_date (datetime.datetime [https://docs.python.org/3/library/datetime.html#datetime.datetime], optional) – Last day that should be filtered













	
get_possible_countries_states()[source]

	Can be used to obtain all different possible countries with there corresponding possible states and regions.


	Returns

	pandas.DataFrame















Oxford COVID-19 Government Response Tracker


	
class covid19_inference.data_retrieval.OxCGRT(auto_download=False)[source]

	This class can be used to retrieve the datasset on goverment policies from the
Oxford Covid-19 Government Response Tracker [https://github.com/OxCGRT/covid-policy-tracker].

Example

gov_pol = cov19.data_retrieval.OxCGRT()
gov_pol.download_all_available_data()






	
__init__(auto_download=False)[source]

	On init of this class the base Retrieval Class __init__ is called, with google specific
arguments.


	Parameters

	auto_download (bool [https://docs.python.org/3/library/functions.html#bool], optional) – Whether or not to automatically call the download_all_available_data() method.
One should explicitly call this method for more configuration options
(default: false)










	
download_all_available_data(force_local=False, force_download=False)[source]

	Attempts to download from the main url (self.url_csv) which was given on initialization.
If this fails download from the fallbacks. It can also be specified to use the local files
or to force the download. The download methods get inhereted from the base retrieval class.


	Parameters

	
	force_local (bool [https://docs.python.org/3/library/functions.html#bool], optional) – If True forces to load the local files.


	force_download (bool [https://docs.python.org/3/library/functions.html#bool], optional) – If True forces the download of new files













	
get_possible_countries()[source]

	Can be used to obtain all different possible countries in the dataset.


	Returns

	pandas.DataFrame










	
get_possible_policies()[source]

	Can be used to obtain all policies in there corresponding categories possible countries in the dataset.


	Returns

	dict










	
get_change_points(policies, country)[source]

	Returns a list of change points, depending on the selected measure and country.


	Parameters

	
	policies (str [https://docs.python.org/3/library/stdtypes.html#str], array of str) – The wanted policies. Can be an array of strings, use get_possible_policies() to get
a dict of possible policies.


	country (str [https://docs.python.org/3/library/stdtypes.html#str]) – Filter for country, use get_possible_countries() to get a list of possible ones.






	Returns

	array of dicts










	
get_time_data(policy, country, data_begin=None, data_end=None)[source]

	
	Parameters

	
	policy (str [https://docs.python.org/3/library/stdtypes.html#str]) – The wanted policy.


	country (str [https://docs.python.org/3/library/stdtypes.html#str]) – Filter for country, use get_possible_countries() to get a list of possible ones.


	data_begin (datetime.datetime [https://docs.python.org/3/library/datetime.html#datetime.datetime], optional) – intial date for the returned data, if no value is given the first date in the dataset is used,
if none is given could yield errors


	data_end (datetime.datetime [https://docs.python.org/3/library/datetime.html#datetime.datetime], optional) – last date for the returned data, if no value is given the most recent date in the dataset is used






	Returns

	Pandas dataframe with policy















Base Retrieval Class


	
class covid19_inference.data_retrieval.retrieval.Retrieval(name, url_csv, fallbacks, update_interval=None, **kwargs)[source]

	Each source class should inherit this base retrieval class, it streamlines alot
of base functions. It manages downloads, multiple fallbacks and local backups
via timestamp. At init of the parent class the Retrieval init should be called
with the following arguments, these get saved as attributes.

An example for the usage can be seen in the _Google, _RKI and _JHU source files.


	
__init__(name, url_csv, fallbacks, update_interval=None, **kwargs)[source]

	
	Parameters

	
	name (str [https://docs.python.org/3/library/stdtypes.html#str]) – A name for the Parent class, mainly used for the local file backup.


	url_csv (str [https://docs.python.org/3/library/stdtypes.html#str]) – The url to the main dataset as csv, if an empty string if supplied the fallback routines get used.


	fallbacks (array) – Fallbacks can be filepaths to local or online sources
or even methods defined in the parent class.


	update_interval (datetime.timedelta [https://docs.python.org/3/library/datetime.html#datetime.timedelta]) – If the local file is older than the update_interval it gets updated once the
download all function is called.













	
_download_csv_from_source(filepath, **kwargs)[source]

	Uses pandas read csv to download the csv file.
The possible kwargs can be seen in the pandas documentation [https://pandas.pydata.org/docs/reference/api/pandas.read_csv.html#pandas.read_csv].

These kwargs can vary for the different parent classes and should be defined there!


	filepathstr
	Full path to the desired csv file






	Returns

	bool – True if the retrieval was a success, False if it failed










	
_fallback_handler()[source]

	Recursivly iterate over all fallbacks and try to execute subroutines depending on the
type of fallback.






	
_timestamp_local_old(force_local=False) → bool[source]

	
	Get timestamp if it exists


	compare with the date today


	update if data is older than set intervall -> can be parent dependant









	
_save_to_local()[source]

	Creates a local backup for the self.data pandas.DataFrame. And a timestamp for the source.













          

      

      

    

  

    
      
          
            
  
Sampling


Table of Contents


	Sampling







	
covid19_inference.sampling.robust_sample(model, tune, draws, tuning_chains, final_chains, return_tuning=False, args_start_points=None, tune_2nd=None, **kwargs)[source]

	Samples the model by starting more chains than needed (tuning chains) and using only
a reduced number final_chains for the final sampling. The final chains are randomly
chosen (without replacement) weighted by their likelihood.
:param model: The model
:type model: Cov19Model
:param tune: Number of tuning samples
:type tune: int
:param draws: Number of final samples
:type draws: int
:param tuning_chains: Number of tuning chains
:type tuning_chains: int
:param final_chains: Number of draw chains
:type final_chains: int
:param args_start_points: Arguments passed to get_start_points
:type args_start_points: dict
:param tune_2nd: If set, use different number of tuning samples for the second tuning
:type tune_2nd: int
:param **kwargs: Arguments passed to pm.sample


	Returns

	
	trace (trace as multitrace object)


	trace_az (trace as arviz object)















	
covid19_inference.sampling.get_start_points(trace, trace_az, frames_start=None, SD_chain_logl=2.5)[source]

	Returns the starting points such that the chains deviate at most SD_chain_logl
standard deviations from the chain with the highest likelihood.
:param trace:
:type trace: multitrace object
:param trace_az:
:type trace_az: arviz trace object
:param frames_start: Which frames to use for calculating the mean likelihood and its standard deviation.


By default it is set to the last third of the tuning samples





	Parameters

	SD_chain_logl (float [https://docs.python.org/3/library/functions.html#float]) – The number of standard deviations. 2.5 as default



	Returns

	
	start_points – A list of starting points


	logl_mean – The mean log-likelihood of the starting points

















          

      

      

    

  

    
      
          
            
  
Plotting

We provide a lot of plotting functions which can be used to recreate our plots or
create completely new visualizations. If you are familiar with matplotlib it should
be no problem to use them extensively.

We provide three different types of functions here:


	High level functions These can be used create figures similar to our paper Dehning et al. arXiv:2004.01105. The are neat little one liners which create a good looking plot from our model, but do not have a lot of customization options.


	Low level functions  These extend the normal matplotlib plotting functions and can be used to plot arbitrary data. They have a lot of customization options, it could take some time to get nicely looking plots with these functions though.


	Helper functions These are mainly functions that manipulate data or retrieve data from our model. These do not have to be used most of the time and are only documented here for completeness.




If one just wants to recreate our figures with a different color. The easiest was is to change the default rc parameters.


	
covid19_inference.plot.get_rcparams_default()[source]

	Get a Param (dict) of the default parameters.
Here we set our default values. Assigned once to module variable
rcParamsDefault on load.






	
covid19_inference.plot.set_rcparams(par)[source]

	Sets the rcparameters used for plotting, provided instance of Param has to have
the following keys (attributes):


	Variables

	
	locale (str [https://docs.python.org/3/library/stdtypes.html#str]) – region settings, passed to setlocale(). Default: “en_US”


	date_format (str [https://docs.python.org/3/library/stdtypes.html#str]) – Format the date on the x axis of time-like data (see https://strftime.org/)
example April 1 2020:
“%m/%d” 04/01, “%-d. %B” 1. April
Default “%b %-d”, becomes April 1


	date_show_minor_ticks (bool [https://docs.python.org/3/library/functions.html#bool]) – whether to show the minor ticks (for every day). Default: True


	rasterization_zorder (int [https://docs.python.org/3/library/functions.html#int] or None [https://docs.python.org/3/library/constants.html#None]) – Rasterizes plotted content below this value, set to None to keep everything
a vector, Default: -1


	draw_ci_95 (bool [https://docs.python.org/3/library/functions.html#bool]) – For timeseries plots, indicate 95% Confidence interval via fill between.
Default: True


	draw_ci_75 (bool [https://docs.python.org/3/library/functions.html#bool]) – For timeseries plots, indicate 75% Confidence interval via fill between.
Default: False


	draw_ci_50 (bool [https://docs.python.org/3/library/functions.html#bool]) – For timeseries plots, indicate 50% Confidence interval via fill between.
Default: False


	color_model (str [https://docs.python.org/3/library/stdtypes.html#str]) – Base color used for model plots, mpl compatible color code “C0”, “#303030”
Default : “tab:green”


	color_data (str [https://docs.python.org/3/library/stdtypes.html#str]) – Base color used for data
Default : “tab:blue”


	color_annot (str [https://docs.python.org/3/library/stdtypes.html#str]) – Color to use for annotations
Default : “#646464”


	color_prior (str [https://docs.python.org/3/library/stdtypes.html#str]) – Color to used for priors in distributions
Default : “#708090”








Example

# Get default parameter
pars = cov.plot.get_rcparams_default()

# Change parameters
pars["locale"]="de_DE"
pars["color_data"]="tab:purple"

# Set parameters
cov.plot.set_rcparams(pars)










High level functions


	
covid19_inference.plot.timeseries_overview(model, trace, start=None, end=None, region=None, color=None, save_to=None, offset=0, annotate_constrained=True, annotate_watermark=True, axes=None, forecast_label='Forecast', forecast_heading='$\\bf Forecasts\\!:$', add_more_later=False)[source]

	Create the time series overview similar to our paper.
Dehning et al. arXiv:2004.01105
Contains [image: \lambda], new cases, and cumulative cases.


	Parameters

	
	model (Cov19Model) – 


	trace (trace instance) – needed for the data


	offset (int [https://docs.python.org/3/library/functions.html#int]) – offset that needs to be added to the (cumulative sum of) new cases at time
model.data_begin to arrive at cumulative cases


	start (datetime.datetime [https://docs.python.org/3/library/datetime.html#datetime.datetime]) – only used to set xrange in the end


	end (datetime.datetime [https://docs.python.org/3/library/datetime.html#datetime.datetime]) – only used to set xrange in the end


	color (str [https://docs.python.org/3/library/stdtypes.html#str]) – main color to use, default from rcParam


	save_to (str [https://docs.python.org/3/library/stdtypes.html#str] or None [https://docs.python.org/3/library/constants.html#None]) – path where to save the figures. default: None, not saving figures


	annotate_constrained (bool [https://docs.python.org/3/library/functions.html#bool]) – show the unconstrained constrained annotation in lambda panel


	annotate_watermark (bool [https://docs.python.org/3/library/functions.html#bool]) – show our watermark


	axes (np.array of mpl axes) – provide an array of existing axes (from previously calling this function)
to add more traces. Data will not be added again. Ideally call this first
with add_more_later=True


	forecast_label (str [https://docs.python.org/3/library/stdtypes.html#str]) – legend label for the forecast, default: “Forecast”


	forecast_heading (str [https://docs.python.org/3/library/stdtypes.html#str]) – if add_more_later, how to label the forecast section.
default: “$bf Forecasts!:$”,


	add_more_later (bool [https://docs.python.org/3/library/functions.html#bool]) – set this to true if you plan to add multiple models to the plot. changes the layout (and the color of the fit to past data)






	Returns

	
	fig (mpl figure)


	axes (np array of mpl axeses (insets not included))











Todo


	Replace offset with an instance of data class that should yield the
cumulative cases. we should not to calculations here.












Low level functions


	
covid19_inference.plot._timeseries(x, y, ax=None, what='data', draw_ci_95=None, draw_ci_75=None, draw_ci_50=None, date_format=True, **kwargs)[source]

	low-level function to plot anything that has a date on the x-axis.


	Parameters

	
	x (array of datetime.datetime) – times for the x axis


	y (array, 1d or 2d) – data to plot. if 2d, we plot the CI as fill_between (if CI enabled in rc
params)
if 2d, then first dim is realization and second dim is time matching x
if 1d then first tim is time matching x


	ax (mpl axes element, optional) – plot into an existing axes element. default: None


	what (str [https://docs.python.org/3/library/stdtypes.html#str], optional) – what type of data is provided in x. sets the style used for plotting:
* data for data points
* fcast for model forecast (prediction)
* model for model reproduction of data (past)


	date_format (bool [https://docs.python.org/3/library/functions.html#bool], optional) – Automatic converting of index to dates default:True


	kwargs (dict [https://docs.python.org/3/library/stdtypes.html#dict], optional) – directly passed to plotting mpl.






	Returns

	ax










	
covid19_inference.plot._distribution(model, trace, key, ax=None, color=None, draw_prior=True)[source]

	
Todo

documentation








Example

In this example we want to use the low level time series function to plot the new daily cases and deaths reported by the Robert Koch institute.

import datetime
import matplotlib.pyplot as plt
import covid19_inference as cov19

# Data retrieval i.e. download new data from RobertKochInstitue
rki = cov19.data_retrieval.RKI()
rki.download_all_available_data()

new_deaths = rki.get_new(
    value = "deaths",
    data_begin=datetime.datetime(2020,3,15), #arbitrary data
    data_end=datetime.datetime.today())

new_cases = rki.get_new(
    value = "confirmed",
    data_begin=datetime.datetime(2020,3,15),
    data_end=datetime.datetime.today())

# Create a multiplot
fig, axes = plt.subplots(2,1, figsize=(12,6))

# Plot the new cases onto axes[0]
cov19.plot._timeseries(
    x=new_cases.index,
    y=new_cases,
    ax=axes[0],
    what="model", #We define model here to get a line instead of data points
)

# Plot the new deaths onto axes[1]
cov19.plot._timeseries(
    x=new_deaths.index,
    y=new_deaths,
    ax=axes[1],
    what="model", #We define model here to get a line instead of data points
)

# Label the plots

axes[0].set_title("New cases")

axes[1].set_title("New deaths")

# Show the figure
fig.show()





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



Helper functions


	
covid19_inference.plot._get_array_from_trace_via_date(model, trace, var, start=None, end=None, dates=None)[source]

	
	Parameters

	
	model (model instance) – 


	trace (trace instance) – 


	var (str [https://docs.python.org/3/library/stdtypes.html#str]) – the variable name in the trace


	start (datetime.datetime [https://docs.python.org/3/library/datetime.html#datetime.datetime]) – get all data for a range from start to end. (both boundary
dates included)


	end (datetime.datetime [https://docs.python.org/3/library/datetime.html#datetime.datetime]) – 


	dates (list of datetime.datetime objects, optional) – the dates for which to get the data. Default: None, will return
all available data.






	Returns

	
	data (nd array, 3 dim) – the elements from the trace matching the dates.
dimensions are as follows
0 samples, if no samples only one entry
1 data with time matching the returned dates (if compatible variable)
2 region, if no regions only one entry


	dates (pandas DatetimeIndex) – the matching dates. this is essnetially an array of dates than can be passed
to matplotlib










Example

import covid19_inference as cov
model, trace = cov.create_example_instance()
y, x = cov.plot._get_array_from_trace_via_date(
    model, trace, "lambda_t", model.data_begin, model.data_end
)
ax = cov.plot._timeseries(x, y[:,:,0], what="model")










	
covid19_inference.plot._new_cases_to_cum_cases(x, y, what, offset=0)[source]

	so this conversion got ugly really quickly.
need to check dimensionality of y


	Parameters

	
	x (pandas DatetimeIndex array) – will be padded accordingly


	y (1d or 2d numpy array) – new cases matching dates in x.
if 1d, we assume raw data (no samples)
if 2d, we assume results from trace with 0th dim samples and 1st new cases
matching x


	what (str [https://docs.python.org/3/library/stdtypes.html#str]) – dirty workaround to differntiate between traces and raw data
“data” or “trace”


	offset (int [https://docs.python.org/3/library/functions.html#int] or array like) – added to cum sum (should be the known cumulative case number at the
first date of provided in x)






	Returns

	
	x_cum (pandas DatetimeIndex array) – dates of the cumulative cases


	y_cum (nd array) – cumulative cases matching x_cum and the dimension of input y










Example

cum_dates, cum_cases = _new_cases_to_cum_cases(new_dates, new_cases)










	
covid19_inference.plot._label_for_varname(key)[source]

	get the label for trace variable names (e.g. placed on top of distributions)

default for unknown keys is the key itself


Todo

add more parameters








	
covid19_inference.plot._math_for_varname(key)[source]

	get the math string for trace variable name, e.g. used to print the median
representation.

default for unknown keys is “$x$”


Todo

use regex








	
covid19_inference.plot._days_to_mpl_dates(days, origin)[source]

	convert days as number to matplotlib compatible date numbers.
this is not the same as pandas dateindices, but numpy operations work on them


	Parameters

	
	days (number, 1d array of numbers) – the day number to convert, e.g. integer values >= 0, one day per int


	origin (datetime.datetime [https://docs.python.org/3/library/datetime.html#datetime.datetime]) – the date object corresponding to day 0













	
covid19_inference.plot._get_mpl_text_coordinates(text, ax)[source]

	helper to get coordinates of a text object in the coordinates of the
axes element [0,1].
used for the rectangle backdrop.

Returns:
x_min, x_max, y_min, y_max






	
covid19_inference.plot._add_mpl_rect_around_text(text_list, ax, x_padding=0.05, y_padding=0.05, **kwargs)[source]

	add a rectangle to the axes (behind the text)

provide a list of text elements and possible options passed to
mpl.patches.Rectangle
e.g.
facecolor=”grey”,
alpha=0.2,
zorder=99,






	
covid19_inference.plot._rx_cp_id(key)[source]

	get the change_point index from a compatible variable name






	
covid19_inference.plot._rx_hc_id(key)[source]

	get the L1 / L2 value of hierarchical variable name






	
covid19_inference.plot._format_k(prec)[source]

	format yaxis 10_000 as 10 k.
_format_k(0)(1200, 1000.0) gives “1 k”
_format_k(1)(1200, 1000.0) gives “1.2 k”






	
covid19_inference.plot._format_date_xticks(ax, minor=None)[source]

	




	
covid19_inference.plot._truncate_number(number, precision)[source]

	




	
covid19_inference.plot._string_median_CI(arr, prec=2)[source]

	




	
covid19_inference.plot._add_watermark(ax, mark='Dehning et al. 10.1126/science.abb9789')[source]

	Add our arxive url to an axes as (upper right) title






	
class covid19_inference.plot.Param[source]

	Paramters Base Class (a tweaked dict)

We inherit from dict and also provide keys as attributes, mapped to .get() of
dict. This avoids the KeyError: if getting parameters via .the_parname, we
return None when the param does not exist.

Avoid using keys that have the same name as class functions etc.

Example

foo = Param(lorem="ipsum")
print(foo.lorem)
>>> 'ipsum'
print(foo.does_not_exist is None)
>>> True













          

      

      

    

  

    
      
          
            
  
Variables saved in the trace

The trace by default contains the following parameters in the
SIR/SEIR hierarchical model. XXX denotes a number.








	Name in trace

	Dimensions

	Created by function





	lambda_XXX_L1

	samples

	lambda_t_with_sigmoids/make_change_point_RVs



	lambda_XXX_L2

	samples x regions

	lambda_t_with_sigmoids/make_change_point_RVs



	sigma_lambda_XXX_L2

	samples

	lambda_t_with_sigmoids/make_change_point_RVs



	transient_day_XXX_L1

	samples

	lambda_t_with_sigmoids/make_change_point_RVs



	transient_day_XXX_L2

	samples x regions

	lambda_t_with_sigmoids/make_change_point_RVs



	sigma_transient_day_XXX_L2

	samples

	lambda_t_with_sigmoids/make_change_point_RVs



	transient_len_XXX_L1

	samples

	lambda_t_with_sigmoids/make_change_point_RVs



	transient_len_XXX_L2

	samples x regions

	lambda_t_with_sigmoids/make_change_point_RVs



	sigma_transient_len_XXX_L2

	samples

	lambda_t_with_sigmoids/make_change_point_RVs



	delay_L1

	samples

	delay_cases



	delay_L2

	samples x regions

	delay_cases



	sigma_delay_L2

	samples

	delay_cases



	weekend_factor_L1

	samples

	week_modulation



	weekend_factor_L2

	samples x regions

	week_modulation



	sigma_weekend_factor_L2

	samples

	week_modulation



	offset_modulation

	samples

	week_modulation



	new_cases_raw

	samples x time x regions

	week_modulation



	mu

	samples

	SIR/SEIR



	I_begin

	samples x regions

	SIR/SEIR



	new_cases

	samples x time x regions

	SIR/SEIR



	sigma_obs

	samples x regions

	SIR/SEIR



	new_E_begin

	samples x 11 x regions

	SEIR



	median_incubation_L1

	samples

	SEIR



	median_incubation_L2

	samples x regions

	SEIR



	sigma_median_incubation_L2

	samples

	SEIR






For the non-hierchical model, variables with _L2 suffixes are missing, and _L1 suffixes
are removed from the name.




          

      

      

    

  

    
      
          
            
  
Contributing

We always welcome contributions. Here we gather some guidelines
to make the process as smooth as possible.


Beginning

To see where help is needed, go to the issues page on Github. If you want to
begin on an issue, make a comment below and begin a draft pull request:
https://github.blog/2019-02-14-introducing-draft-pull-requests/ You can link the
pull request on the right side of the commit to it.

When you have
finished working on the issue, change it to a regular pull request. Check that
there are no conflicts to the current master
(https://www.digitalocean.com/community/tutorials/how-to-rebase-and-update-a-pull-request)



Code formatting

We use black https://github.com/psf/black as automatic code formatter.
Please run your code through it before you open a pull request.

We do not check for formatting in the testing (travis) but have a config in the repository that uses black as a pre-commit hook [https://black.readthedocs.io/en/stable/version_control_integration.html].

This snippet should get you up and running:

conda install -c conda-forge black
conda install -c conda-forge pre-commit
pre-commit install





Try to stick to PEP 8 [https://www.python.org/dev/peps/pep-0008/].
You can use type annotations [https://www.python.org/dev/peps/pep-0484/]
if you want, but it is not necessary or encouraged.



Testing

We use travis and pytest. To check your changes locally:

python -m pytest --log-level=INFO --log-cli-level=INFO





It would be great if anything that is added to the code-base has an according test in the tests folder. We are not there yet, but it is on the todo. Be encouraged to add tests :)



Documentation

The documentation is built using Sphinx from the docstrings. To test it before
submitting, navigate with a terminal to the docs/ directory. Install if necessary
the packages listed in piprequirements.txt run make html. The documentation
can then be accessed in docs/_build/html/index.html. As an example you can
look at the documentation of covid19_inference.model.SIR()





          

      

      

    

  

    
      
          
            
  
Debugging

This is some pointer to help debugging models and sampling issues


General approach for nans/infs during sampling

The idea of this approach is to sample from the prior and then run the model. If the
log likelihood is then -inf, there is a problem, and the output of the theano functions is
inspected.

Sample from prior:

from pymc3.util import (
    get_untransformed_name,
    is_transformed_name)

varnames = list(map(str, model.vars))

for name in varnames:
    if is_transformed_name(name):
        varnames.append(get_untransformed_name(name))

with model:
    points = pm.sample_prior_predictive(var_names = varnames)
    points_list = []
    for i in range(len(next(iter(points.values())))):
        point_dict = {}
        for name, val in points.items():
                point_dict[name] = val[i]
        points_list.append(point_dict)





points_list is a list of the starting points for the model, sampled from the prior.
Then to run the model and print the log-likelihood:

fn = model.fn(model.logpt)

for point in points_list[:]:
    print(fn(point))





To monitor the output and save it in a file (for use in ipython).
Learned from:
http://deeplearning.net/software/theano/tutorial/debug_faq.html#how-do-i-step-through-a-compiled-function

%%capture cap --no-stderr
def inspect_inputs(i, node, fn):
    print(i, node, "input(s) value(s):", [input[0] for input in fn.inputs],
          end='')

def inspect_outputs(i, node, fn):
    print(" output(s) value(s):", [output[0] for output in fn.outputs])

fn_monitor = model.fn(model.logpt,
                      mode=theano.compile.MonitorMode(
                           pre_func=inspect_inputs,
                           post_func=inspect_outputs).excluding(
                                 'local_elemwise_fusion', 'inplace'))

fn = model.fn(model.logpt)

for point in points_list[:]:
    if fn(point) < -1e10:
        print(fn_monitor(point))
        break





In a new cell:

with open('output.txt', 'w') as f:
    f.write(cap.stdout)





Then one can open output.txt in a text editor, and follow from where infs or nans come from
by following the inputs and outputs up through the graph



Sampler: MCMC (Nuts)


Divergences

During sampling, a significant fraction of divergences are a sign that the sampler
doesn’t sample the whole posterior. In this case the model should be reparametrized.
See this tutorial for a typical example: https://docs.pymc.io/notebooks/Diagnosing_biased_Inference_with_Divergences.html

And these papers include some more details: https://pdfs.semanticscholar.org/7b85/fb48a077c679c325433fbe13b87560e12886.pdf
https://arxiv.org/pdf/1312.0906.pdf



Bad initial energy

This typically occurs when some distribution in the model can’t be evaluated at
the starting point of chain. Run this to see which distribution throws nans or infs:

for RV in model.basic_RVs:
    print(RV.name, RV.logp(model.test_point))





However, this is only evaluates the test_point. When PyMC3 starts sampling, it adds some jitter
around this test_point, which then could lead to nans. Run this to add jitter and then evaluate
the logp:

chains=4
for RV in model.basic_RVs:
    print(RV.name)

    for _ in range(chains):
        mean = {var: val.copy() for var, val in model.test_point.items()}
        for val in mean.values():
            val[...] += 2 * np.random.rand(*val.shape) - 1
        print(RV.logp(mean))





This code could potentially change in newer versions of PyMC3 (this is tested in 3.8).
Read the source code, to know which random jitter PyMC3 currently adds at beginning.



Nans occur during sampling

Run the sampler with the debug mode of Theano.

from theano.compile.nanguardmode import NanGuardMode
mode = NanGuardMode(nan_is_error=True, inf_is_error=False, big_is_error=False,
                    optimizer='o1')
trace = pm.sample(mode=mode)





However this doesn’t lead to helpful messages if nans occur during gradient evaluations.




Sampler: Variational Inference

There exist some ways to track parameters during sampling. An example:

with model:
    advi = pm.ADVI()
    print(advi.approx.group)

    print(advi.approx.mean.eval())
    print(advi.approx.std.eval())

    tracker = pm.callbacks.Tracker(
        mean=advi.approx.mean.eval,  # callable that returns mean
        std=advi.approx.std.eval  # callable that returns std
    )

    approx = advi.fit(100000, callbacks=[tracker],
                      obj_optimizer=pm.adagrad_window(learning_rate=1e-3),)
                     #total_grad_norm_constraint=10) #constrains maximal gradient, could help


    print(approx.groups[0].bij.rmap(approx.params[0].eval()))

    plt.plot(tracker['mean'])
    plt.plot(tracker['std'])





For the tracker, the order of the parameters is saved in:

approx.ordering.by_name





and the indices encoded there in the slc field.
To plot the mean value of a given parameter name, run:

plt.plot(np.array(tracker['mean'])[:, approx.ordering.by_name['name'].slc]





The debug mode is set with the following parameter:

from theano.compile.nanguardmode import NanGuardMode
mode = NanGuardMode(nan_is_error=True, inf_is_error=False, big_is_error=False,
                    optimizer='o1')
approx = advi.fit(100000, callbacks=[tracker],
             fn_kwargs={'mode':mode})
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  All modules for which code is available
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  Source code for covid19_inference.plot

# ------------------------------------------------------------------------------ #
# @Author:        F. Paul Spitzner
# @Email:         paul.spitzner@ds.mpg.de
# @Created:       2020-04-20 18:50:13
# @Last Modified: 2020-11-24 13:00:10
# ------------------------------------------------------------------------------ #
# Callable in your scripts as e.g. `cov.plot.timeseries()`
# Plot functions and helper classes
# Design ideas:
# * Global Parameter Object?
#   - Maybe only for defaults of function parameters but
#   - Have functions be solid stand-alone and only set kwargs from "rc_params"
# * keep model, trace, ax as the three first arguments for every function
# ------------------------------------------------------------------------------ #

import logging
import datetime
import locale
import copy
import re

import numpy as np
import pandas as pd
import pymc3 as pm
import matplotlib as mpl
import matplotlib.pyplot as plt
import matplotlib.patches
from mpl_toolkits.axes_grid1.inset_locator import inset_axes
from scipy import stats

log = logging.getLogger(__name__)

# ------------------------------------------------------------------------------ #
# Time series plotting functions
# ------------------------------------------------------------------------------ #


[docs]def timeseries_overview(
    model,
    trace,
    start=None,
    end=None,
    region=None,
    color=None,
    save_to=None,
    offset=0,
    annotate_constrained=True,
    annotate_watermark=True,
    axes=None,
    forecast_label="Forecast",
    forecast_heading=r"$\bf Forecasts\!:$",
    add_more_later=False,
):
    r"""
    Create the time series overview similar to our paper.
    Dehning et al. arXiv:2004.01105
    Contains :math:`\lambda`, new cases, and cumulative cases.

    Parameters
    ----------
    model : :class:`Cov19Model`

    trace : trace instance
        needed for the data

    offset : int
        offset that needs to be added to the (cumulative sum of) new cases at time
        model.data_begin to arrive at cumulative cases

    start : datetime.datetime
        only used to set xrange in the end
    end : datetime.datetime
        only used to set xrange in the end
    color : str
        main color to use, default from rcParam
    save_to : str or None
        path where to save the figures. default: None, not saving figures
    annotate_constrained : bool
        show the unconstrained constrained annotation in lambda panel
    annotate_watermark : bool
        show our watermark
    axes : np.array of mpl axes
        provide an array of existing axes (from previously calling this function)
        to add more traces. Data will not be added again. Ideally call this first
        with `add_more_later=True`
    forecast_label : str
        legend label for the forecast, default: "Forecast"
    forecast_heading : str
        if `add_more_later`, how to label the forecast section.
        default: "$\bf Forecasts\!:$",
    add_more_later : bool
        set this to true if you plan to add multiple models to the plot. changes the layout (and the color of the fit to past data)

    Returns
    -------
        fig : mpl figure
        axes : np array of mpl axeses (insets not included)

    TODO
    ----
    * Replace `offset` with an instance of data class that should yield the
      cumulative cases. we should not to calculations here.
    """

    figsize = (6, 6)
    # ylim_new = [0, 2_000]
    # ylim_new_inset = [50, 17_000]
    # ylim_cum = [0, 20_000]
    # ylim_cum_inset = [50, 300_000]
    ylim_lam = [-0.15, 0.45]

    label_y_new = f"Daily new\nreported cases"
    label_y_cum = f"Total\nreported cases"
    label_y_lam = f"Effective\ngrowth rate $\lambda^\\ast (t)$"
    label_leg_data = "Data"
    label_leg_dlim = f"Data until\n{model.data_end.strftime('%Y/%m/%d')}"

    if rcParams["locale"].lower() == "de_de":
        label_y_new = f"Täglich neu\ngemeldete Fälle"
        label_y_cum = f"Gesamtzahl\ngemeldeter Fälle"
        label_y_lam = f"Effektive\nWachstumsrate"
        label_leg_data = "Daten"
        label_leg_dlim = f"Daten bis\n{model.data_end.strftime('%-d. %B %Y')}"

    letter_kwargs = dict(x=-0.25, y=1, size="x-large")

    # per default we assume no hierarchical
    if region is None:
        region = ...

    axes_provided = False
    if axes is not None:
        log.debug("Provided axes, adding new content")
        axes_provided = True

    color_data = rcParams.color_data
    color_past = rcParams.color_model
    color_fcast = rcParams.color_model
    color_annot = rcParams.color_annot
    if color is not None:
        color_past = color
        color_fcast = color

    if axes_provided:
        fig = axes[0].get_figure()
    else:
        fig, axes = plt.subplots(
            3,
            1,
            figsize=figsize,
            gridspec_kw={"height_ratios": [2, 3, 3]},
            constrained_layout=True,
        )
        if add_more_later:
            color_past = "#646464"

    if start is None:
        start = model.data_begin
    if end is None:
        end = model.sim_end

    # insets are not reimplemented yet
    insets = []
    insets_only_two_ticks = True
    draw_insets = False

    # ------------------------------------------------------------------------------ #
    # lambda*, effective growth rate
    # ------------------------------------------------------------------------------ #
    ax = axes[0]
    mu = trace["mu"][:, None]
    lambda_t, x = _get_array_from_trace_via_date(model, trace, "lambda_t")
    y = lambda_t[:, :, region] - mu
    _timeseries(x=x, y=y, ax=ax, what="model", color=color_fcast)
    ax.set_ylabel(label_y_lam)
    ax.set_ylim(ylim_lam)

    if not axes_provided:
        ax.text(s="A", transform=ax.transAxes, **letter_kwargs)
        ax.hlines(0, x[0], x[-1], linestyles=":")
        if annotate_constrained:
            try:
                # depending on hierchy delay has differnt variable names.
                # get the shortest one. todo: needs to be change depending on region.
                delay_vars = [var for var in trace.varnames if "delay" in var]
                delay_var = delay_vars.sort(key=len)[0]
                delay = mpl.dates.date2num(model.data_end) - np.percentile(
                    trace[delay_var], q=75
                )
                ax.vlines(delay, -10, 10, linestyles="-", colors=color_annot)
                ax.text(
                    delay + 1.5,
                    0.4,
                    "unconstrained due\nto reporting delay",
                    color=color_annot,
                    horizontalalignment="left",
                    verticalalignment="top",
                )
                ax.text(
                    delay - 1.5,
                    0.4,
                    "constrained\nby data",
                    color=color_annot,
                    horizontalalignment="right",
                    verticalalignment="top",
                )
            except Exception as e:
                log.debug(f"{e}")

    # --------------------------------------------------------------------------- #
    # New cases, lin scale first
    # --------------------------------------------------------------------------- #
    ax = axes[1]

    y_past, x_past = _get_array_from_trace_via_date(
        model, trace, "new_cases", model.data_begin, model.data_end
    )
    y_past = y_past[:, :, region]

    y_data = model.new_cases_obs[:, region]

    x_data = pd.date_range(start=model.data_begin, end=model.data_end)

    # data points and annotations, draw only once
    if not axes_provided:
        ax.text(s="B", transform=ax.transAxes, **letter_kwargs)
        _timeseries(
            x=x_data,
            y=y_data,
            ax=ax,
            what="data",
            color=color_data,
            zorder=5,
            label=label_leg_data,
        )
        # model fit
        _timeseries(
            x=x_past, y=y_past, ax=ax, what="model", color=color_past, label="Fit",
        )
        if add_more_later:
            # dummy element to separate forecasts
            ax.plot(
                [], [], "-", linewidth=0, label=forecast_heading,
            )

    # model fcast
    y_fcast, x_fcast = _get_array_from_trace_via_date(
        model, trace, "new_cases", model.fcast_begin, model.fcast_end
    )
    y_fcast = y_fcast[:, :, region]
    _timeseries(
        x=x_fcast,
        y=y_fcast,
        ax=ax,
        what="fcast",
        color=color_fcast,
        label=f"{forecast_label}",
    )
    ax.set_ylabel(label_y_new)
    # ax.set_ylim(ylim_new)
    prec = 1.0 / (np.log10(ax.get_ylim()[1]) - 2.5)
    if prec < 2.0 and prec >= 0:
        ax.yaxis.set_major_formatter(
            matplotlib.ticker.FuncFormatter(_format_k(int(prec)))
        )

    # ------------------------------------------------------------------------------ #
    # total cases, still needs work because its not in the trace, we cant plot it
    # due to the lacking offset from new to cumulative cases, we cannot calculate
    # either.
    # ------------------------------------------------------------------------------ #

    ax = axes[2]

    y_past, x_past = _get_array_from_trace_via_date(
        model, trace, "new_cases", model.data_begin, model.data_end
    )
    y_past = y_past[:, :, region]

    y_data = model.new_cases_obs[:, region]
    x_data = pd.date_range(start=model.data_begin, end=model.data_end)

    x_data, y_data = _new_cases_to_cum_cases(x_data, y_data, "data", offset)
    x_past, y_past = _new_cases_to_cum_cases(x_past, y_past, "trace", offset)

    # data points and annotations, draw only once
    if not axes_provided:
        ax.text(s="C", transform=ax.transAxes, **letter_kwargs)
        _timeseries(
            x=x_data,
            y=y_data,
            ax=ax,
            what="data",
            color=color_data,
            zorder=5,
            label=label_leg_data,
        )
        # model fit
        _timeseries(
            x=x_past, y=y_past, ax=ax, what="model", color=color_past, label="Fit",
        )
        if add_more_later:
            # dummy element to separate forecasts
            ax.plot(
                [], [], "-", linewidth=0, label=forecast_heading,
            )

    # model fcast, needs to start one day later, too. use the end date we got before
    y_fcast, x_fcast = _get_array_from_trace_via_date(
        model, trace, "new_cases", model.fcast_begin, model.fcast_end
    )
    y_fcast = y_fcast[:, :, region]

    # offset according to last cumulative model point
    x_fcast, y_fcast = _new_cases_to_cum_cases(
        x_fcast, y_fcast, "trace", y_past[:, -1, None]
    )

    _timeseries(
        x=x_fcast,
        y=y_fcast,
        ax=ax,
        what="fcast",
        color=color_fcast,
        label=f"{forecast_label}",
    )
    ax.set_ylabel(label_y_cum)
    # ax.ylim(ylim_cum)
    prec = 1.0 / (np.log10(ax.get_ylim()[1]) - 2.5)
    if prec < 2.0 and prec >= 0:
        ax.yaxis.set_major_formatter(
            matplotlib.ticker.FuncFormatter(_format_k(int(prec)))
        )

    # --------------------------------------------------------------------------- #
    # Finalize
    # --------------------------------------------------------------------------- #

    for ax in axes:
        ax.set_rasterization_zorder(rcParams.rasterization_zorder)
        ax.spines["right"].set_visible(False)
        ax.spines["top"].set_visible(False)
        ax.set_xlim(start, end)
        _format_date_xticks(ax)

        # biweekly, remove every second element
        if not axes_provided:
            for label in ax.xaxis.get_ticklabels()[1::2]:
                label.set_visible(False)

    for ax in insets:
        ax.set_xlim(start, model.data_end)
        ax.yaxis.tick_right()
        ax.set_yscale("log")
        if insets_only_two_ticks is True:
            format_date_xticks(ax, minor=False)
            for label in ax.xaxis.get_ticklabels()[1:-1]:
                label.set_visible(False)
            print(ax.xticks)
        else:
            format_date_xticks(ax)
            for label in ax.xaxis.get_ticklabels()[1:-1]:
                label.set_visible(False)

    # legend
    leg_loc = "upper left"
    if draw_insets == True:
        leg_loc = "upper right"
    ax = axes[2]
    ax.legend(loc=leg_loc)
    ax.get_legend().get_frame().set_linewidth(0.0)
    ax.get_legend().get_frame().set_facecolor("#F0F0F0")
    # styling legend elements individually does not work. seems like an mpl bug,
    # changes to fontproperties get applied to all legend elements.
    # for tel in ax.get_legend().get_texts():
    #     if tel.get_text() == "Forecasts:":
    #         # tel.set_fontweight("bold")

    if annotate_watermark:
        _add_watermark(axes[1])

    fig.suptitle(
        # using script run time. could use last data point though.
        label_leg_dlim,
        x=0.15,
        y=1.075,
        verticalalignment="top",
        # fontsize="large",
        fontweight="bold",
        # loc="left",
        # horizontalalignment="left",
    )

    # plt.subplots_adjust(wspace=0.4, hspace=0.25)
    if save_to is not None:
        plt.savefig(
            save_to + ".pdf", dpi=300, bbox_inches="tight", pad_inches=0.05,
        )
        plt.savefig(
            save_to + ".png", dpi=300, bbox_inches="tight", pad_inches=0.05,
        )

    # add insets to returned axes. maybe not, general axes style would be applied
    # axes = np.append(axes, insets)

    return fig, axes



[docs]def _timeseries(
    x,
    y,
    ax=None,
    what="data",
    draw_ci_95=None,
    draw_ci_75=None,
    draw_ci_50=None,
    date_format=True,
    **kwargs,
):
    """
    low-level function to plot anything that has a date on the x-axis.

    Parameters
    ----------
    x : array of datetime.datetime
        times for the x axis

    y : array, 1d or 2d
        data to plot. if 2d, we plot the CI as fill_between (if CI enabled in rc
        params)
        if 2d, then first dim is realization and second dim is time matching `x`
        if 1d then first tim is time matching `x`

    ax : mpl axes element, optional
        plot into an existing axes element. default: None

    what : str, optional
        what type of data is provided in x. sets the style used for plotting:
        * `data` for data points
        * `fcast` for model forecast (prediction)
        * `model` for model reproduction of data (past)

    date_format: bool, optional
        Automatic converting of index to dates default:True

    kwargs : dict, optional
        directly passed to plotting mpl.

    Returns
    -------
    ax
    """

    # ------------------------------------------------------------------------------ #
    # Default parameter
    # ------------------------------------------------------------------------------ #

    if draw_ci_95 is None:
        draw_ci_95 = rcParams["draw_ci_95"]

    if draw_ci_75 is None:
        draw_ci_75 = rcParams["draw_ci_75"]

    if draw_ci_50 is None:
        draw_ci_50 = rcParams["draw_ci_50"]

    if ax is None:
        figure, ax = plt.subplots(figsize=(6, 3))

    # still need to fix the last dimension being one
    # if x.shape[0] != y.shape[-1]:
    #     log.exception(f"X rows and y rows do not match: {x.shape[0]} vs {y.shape[0]}")
    #     raise KeyError("Shape mismatch")

    if y.ndim == 2:
        data = np.median(y, axis=0)
    elif y.ndim == 1:
        data = y
    else:
        log.exception(f"y needs to be 1 or 2 dimensional, but has shape {y.shape}")
        raise KeyError("Shape mismatch")

    # ------------------------------------------------------------------------------ #
    # kwargs
    # ------------------------------------------------------------------------------ #

    if what == "data":
        if "color" not in kwargs:
            kwargs = dict(kwargs, color=rcParams["color_data"])
        if "marker" not in kwargs:
            kwargs = dict(kwargs, marker="d")
        if "ls" not in kwargs and "linestyle" not in kwargs:
            kwargs = dict(kwargs, ls="None")
    elif what == "fcast":
        if "color" not in kwargs:
            kwargs = dict(kwargs, color=rcParams["color_model"])
        if "ls" not in kwargs and "linestyle" not in kwargs:
            kwargs = dict(kwargs, ls="--")
    elif what == "model":
        if "color" not in kwargs:
            kwargs = dict(kwargs, color=rcParams["color_model"])
        if "ls" not in kwargs and "linestyle" not in kwargs:
            kwargs = dict(kwargs, ls="-")

    # ------------------------------------------------------------------------------ #
    # plot
    # ------------------------------------------------------------------------------ #
    ax.plot(x, data, **kwargs)

    # overwrite some styles that do not play well with fill_between
    if "linewidth" in kwargs:
        del kwargs["linewidth"]
    if "marker" in kwargs:
        del kwargs["marker"]
    if "alpha" in kwargs:
        del kwargs["alpha"]
    if "label" in kwargs:
        del kwargs["label"]
    kwargs["lw"] = 0
    kwargs["alpha"] = 0.1

    if draw_ci_95 and y.ndim == 2:
        ax.fill_between(
            x,
            np.percentile(y, q=2.5, axis=0),
            np.percentile(y, q=97.5, axis=0),
            **kwargs,
        )

    if draw_ci_75 and y.ndim == 2:
        ax.fill_between(
            x,
            np.percentile(y, q=12.5, axis=0),
            np.percentile(y, q=87.5, axis=0),
            **kwargs,
        )

    del kwargs["alpha"]
    kwargs["alpha"] = 0.2

    if draw_ci_50 and y.ndim == 2:
        ax.fill_between(
            x,
            np.percentile(y, q=25.0, axis=0),
            np.percentile(y, q=75.0, axis=0),
            **kwargs,
        )

    # ------------------------------------------------------------------------------ #
    # formatting
    # ------------------------------------------------------------------------------ #
    if date_format:
        _format_date_xticks(ax)

    return ax



[docs]def _get_array_from_trace_via_date(
    model, trace, var, start=None, end=None, dates=None,
):
    """
    Parameters
    ----------
    model : model instance

    trace : trace instance

    var : str
        the variable name in the trace

    start : datetime.datetime
        get all data for a range from `start` to `end`. (both boundary
        dates included)

    end : datetime.datetime

    dates : list of datetime.datetime objects, optional
        the dates for which to get the data. Default: None, will return
        all available data.

    Returns
    -------
    data : nd array, 3 dim
        the elements from the trace matching the dates.
        dimensions are as follows
        0 samples, if no samples only one entry
        1 data with time matching the returned `dates` (if compatible variable)
        2 region, if no regions only one entry

    dates : pandas DatetimeIndex
        the matching dates. this is essnetially an array of dates than can be passed
        to matplotlib

    Example
    -------
    .. code-block::

        import covid19_inference as cov
        model, trace = cov.create_example_instance()
        y, x = cov.plot._get_array_from_trace_via_date(
            model, trace, "lambda_t", model.data_begin, model.data_end
        )
        ax = cov.plot._timeseries(x, y[:,:,0], what="model")
    """

    ref = model.sim_begin
    # the variable `new_cases` and some others (?) used to have different bounds
    # 20-05-27: not anymore, we made things consistent. let's remove this at some point
    # if "new_cases" in var:
    # ref = model.data_begin

    if dates is None:
        if start is None:
            start = ref
        if end is None:
            end = model.sim_end
        dates = pd.date_range(start=start, end=end)
    else:
        assert start is None and end is None, "do not pass start/end with dates"
        # make sure its the right format
        dates = pd.DatetimeIndex(dates)

    indices = (dates - ref).days

    assert var in trace.varnames, "var should be in trace.varnames"
    assert np.all(indices >= 0), (
        "all dates should be after the model.sim_begin "
        + "(note that `new_cases` start at model.data_begin)"
    )
    assert np.all(indices < model.sim_len), "all dates should be before model.sim_end"

    # here we make sure that the returned array always has the same dimensions:
    if trace[var].ndim == 3:
        ret = trace[var][:, indices, :]
    elif trace[var].ndim == 2:
        ret = trace[var][:, indices]
        # ret = trace[var][:, indices, None]
        # 2020-05-06: jd and ps decided not to pad dimensions, not sure if it is more
        # confusing to have changing dimensions or dimensions that are not needed
        # in case of the non-hierarchical model
        # to access the region if you are not sure if it exists use an ellipsis:
        # region = ...
        # trace[var][:, indices, region]
        # will work fine if trace[var] is only 2-dimensional

    return ret, dates



[docs]def _new_cases_to_cum_cases(x, y, what, offset=0):
    """
    so this conversion got ugly really quickly.
    need to check dimensionality of y

    Parameters
    ----------
    x : pandas DatetimeIndex array
        will be padded accordingly

    y : 1d or 2d numpy array
        new cases matching dates in x.
        if 1d, we assume raw data (no samples)
        if 2d, we assume results from trace with 0th dim samples and 1st new cases
        matching x

    what : str
        dirty workaround to differntiate between traces and raw data
        "data" or "trace"

    offset : int or array like
        added to cum sum (should be the known cumulative case number at the
        first date of provided in x)

    Returns
    -------
    x_cum : pandas DatetimeIndex array
        dates of the cumulative cases

    y_cum : nd array
        cumulative cases matching x_cum and the dimension of input y

    Example
    -------
    .. code-block::

        cum_dates, cum_cases = _new_cases_to_cum_cases(new_dates, new_cases)
    """

    # things from the trace have the 0-th dimension for samples. raw data does not
    if what == "trace":
        y_cum = np.cumsum(y, axis=1) + offset
    elif what == "data":
        y_cum = np.nancumsum(y, axis=0) + offset
    else:
        raise ValueError

    # example with offset = 0:
    # y_data new_cases [ 281  451  170 1597]
    # y_data cum_cases [ 281  732  902 2499]

    # so the cumulative used to be one day longer when applying the new cases to the
    # next day, then add a date at the end of the x axis
    # add one element using the existing frequency
    # x_cum = x.union(pd.DatetimeIndex([x[-1] + 1 * x.freq]))
    x_cum = x

    return x_cum, y_cum



# ------------------------------------------------------------------------------ #
# Distribution plotting
# ------------------------------------------------------------------------------ #


[docs]def _distribution(model, trace, key, ax=None, color=None, draw_prior=True):
    """
    TODO
    ----
    documentation

    """
    # check if model was hierarchical
    # if model.is_hierarchical
    # or like this
    # is_hc = False
    # for var in trace.varnames:
    #     if re.fullmatch('lambda_[0-9]+_L[0-9]', var) is not None:
    #         is_hc = True
    #     break

    # shape L2: samples, region, except sigma_L2 then no region
    # shape L1: samples

    if color is None:
        color = rcParams.color_model

    if ax is None:
        fig, ax = plt.subplots()
    else:
        fig = ax.get_figure()

    # todo: check compatible key before spending more time here
    data = trace[key]

    # apply additional transformations, if required
    if "transient_day" in key:
        # panda date time frame cannot do np.median, which we need
        # data = pd.to_datetime(data, origin=model.sim_begin, unit="D")
        data = _days_to_mpl_dates(data, origin=model.sim_begin)
    elif "weekend_factor_rad" == key:
        data = data / np.pi / 2 * 7

    ax.set_xlabel(_label_for_varname(key))
    ax.xaxis.set_label_position("top")

    # sometimes the bins are spread over very different x-ranges
    bins = 50
    if "lambda" in key or "mu" == key:
        bins = np.arange(0, 0.5 + 0.5 / bins, 0.5 / bins)

    # posteriors
    ax.hist(
        data,
        bins=bins,
        density=True,
        color=color,
        label="Posterior",
        alpha=0.7,
        zorder=-5,
    )

    # xlim
    if "lambda" in key or "mu" == key:
        ax.set_xlim(0, 0.5)
        ax.axvline(np.median(trace["mu"]), ls=":", color="black")
    elif "I_begin" == key:
        ax.set_xlim(0)
    elif "transient_len" in key:
        ax.set_xlim(0, 7)
    elif "transient_day" in key:
        # we will use this again later to align the printed median
        transient_day_md_mpl = np.median(data)
        ax.set_xlim([int(transient_day_md_mpl) - 4, int(transient_day_md_mpl) + 4])
        _format_date_xticks(ax)

    if draw_prior:
        # sample using pymc3. this avoids the headache of analytic solutions for
        # combined variables when we do not have analytic priors
        prior = pm.sample_prior_predictive(samples=500, model=model, var_names=[key])[
            key
        ]
        # smooth density from discrete histogram
        prior = stats.kde.gaussian_kde(prior)

        # may need to convert axes values, and restore xlimits after adding prior
        xlim = ax.get_xlim()
        x_for_ax = np.linspace(*xlim, num=100)
        x_for_pr = x_for_ax

        if "transient_day" in key:
            # cast datetime.datetime from model to mpl date format
            x_for_pr = x_for_ax - mpl.dates.date2num(model.sim_begin)
        if "weekend_factor_rad" == key:
            x_for_ax *= np.pi * 2 / 7

        ax.plot(
            x_for_ax,
            prior(x_for_pr),
            label="Prior",
            color=rcParams.color_prior,
            linewidth=3,
        )
        ax.set_xlim(*xlim)

    # add the overlay with median and CI values. these are two strings
    text_md = ""
    text_ci = ""
    if "lambda" in key or "mu" == key or "sigma_random_walk" == key:
        text_md, text_ci = _string_median_CI(data, prec=2)
    elif "transient_day" in key:
        # convert median from mpl date into datetime to adjust by month
        temp = mpl.dates.num2date(transient_day_md_mpl)
        data_shifted = data - mpl.dates.date2num(
            datetime.datetime(year=temp.year, month=temp.month, day=1)
        )
        # align 0 index with the first day of the month
        data_shifted = data_shifted + 1
        text_md, text_ci = _string_median_CI(data_shifted, prec=1,)
    else:
        text_md, text_ci = _string_median_CI(data, prec=1)

    text_md = _math_for_varname(key) + "$ = " + text_md + "$"

    # create the inset text elements, and we want a bounding box around the compound
    try:
        tel_md = ax.text(
            0.6,
            0.9,
            text_md,
            fontsize=12,
            transform=ax.transAxes,
            verticalalignment="top",
            horizontalalignment="center",
            zorder=100,
        )
        x_min, x_max, y_min, y_max = _get_mpl_text_coordinates(tel_md, ax)
        tel_ci = ax.text(
            0.6,
            y_min * 0.9,  # let's have a ten perecent margin or so
            text_ci,
            fontsize=9,
            transform=ax.transAxes,
            verticalalignment="top",
            horizontalalignment="center",
            zorder=101,
        )
        _add_mpl_rect_around_text(
            [tel_md, tel_ci], ax, facecolor="white", alpha=0.5, zorder=99,
        )
    except Exception as e:
        log.debug(f"unable to create inset with {key} value: {e}")

    # finalize
    ax.tick_params(labelleft=False)
    ax.set_rasterization_zorder(rcParams.rasterization_zorder)
    ax.spines["right"].set_visible(False)
    ax.spines["top"].set_visible(False)
    if not "transient_day" in key:
        ax.locator_params(nbins=4)



[docs]def _label_for_varname(key):
    """
    get the label for trace variable names (e.g. placed on top of distributions)

    default for unknown keys is the key itself

    TODO
    ----
    add more parameters
    """
    res = key

    if re.fullmatch("lambda_0.*", key):
        res = "Initial rate"
    elif re.fullmatch("lambda.*", key):
        res = "Spreading rate " + _rx_cp_id(key)
    elif re.fullmatch("transient_day.*", key):
        res = "Change time " + _rx_cp_id(key)
    elif re.fullmatch("transient_len.*", key):
        res = "Change duration " + _rx_cp_id(key)
    elif re.fullmatch("delay.*", key):
        res = "Delay"
    elif re.fullmatch("mu.*", key):
        res = "Recovery rate"

    return res



[docs]def _rx_cp_id(key):
    """
    get the change_point index from a compatible variable name
    """
    return re.search("_[0-9]+(_|$)", key).group().replace("_", "")



[docs]def _rx_hc_id(key):
    """
    get the L1 / L2 value of hierarchical variable name
    """
    if "_L1" in key:
        return 1
    elif "_L2" in key:
        return 2
    else:
        return None



[docs]def _math_for_varname(key):
    """
    get the math string for trace variable name, e.g. used to print the median
    representation.

    default for unknown keys is "$x$"

    TODO
    ----
    use regex
    """
    # default
    res = "x"

    # three options: unique, hierarchical and/or changepoint like
    is_un = True
    is_hc = False
    is_cp = False

    if "_L1" in key or "_L2" in key:
        is_hc = True
    if re.fullmatch(".+_[0-9]+.*", key):
        is_cp = True
    if is_cp or is_hc:
        is_un = False
    log.debug(f"_math_for_varname({key}): {int(is_un)} | {int(is_hc)} | {int(is_cp)}")

    # not unique
    if re.fullmatch("lambda.*", key):
        res = r"\lambda"
    elif re.fullmatch("transient_day.*", key):
        res = r"t"
    elif re.fullmatch("transient_len.*", key):
        res = r"\Delta t"
    elif re.fullmatch("sigma.*", key):
        # there is a lot of these guys. not making a distinction yet
        res = r"\sigma"
    elif re.fullmatch("delay.*", key):
        res = r"D"

    # unique keys
    if is_un:
        if "lambda_t" == key:
            res = r"\lambda_t"
        elif "I_begin" == key:
            res = r"I_0"
        elif "mu" == key:
            res = r"\mu"
        elif "sigma_obs" == key:
            res = r"\sigma"

    # change-point keys, give lower index
    if is_cp:
        # get cp index
        res = res + r"_{" + _rx_cp_id(key) + "}"

    # hierarchical, give upper index
    if is_hc:
        hc_suffix = ""
        if "_L1" in key:
            hc_suffix = r"^{1}"
        elif "_L2" in key:
            hc_suffix = r"^{2}"
        res = res + hc_suffix

    res = "$" + res + "$"

    return res



[docs]def _days_to_mpl_dates(days, origin):
    """
    convert days as number to matplotlib compatible date numbers.
    this is not the same as pandas dateindices, but numpy operations work on them

    Parameters
    ----------
    days : number, 1d array of numbers
        the day number to convert, e.g. integer values >= 0, one day per int

    origin : datetime.datetime
        the date object corresponding to day 0
    """
    try:
        return mpl.dates.date2num(
            [datetime.timedelta(days=float(date)) + origin for date in days]
        )
    except:
        return mpl.dates.date2num(datetime.timedelta(days=float(days)) + origin)



[docs]def _get_mpl_text_coordinates(text, ax):
    """
    helper to get coordinates of a text object in the coordinates of the
    axes element [0,1].
    used for the rectangle backdrop.

    Returns:
    x_min, x_max, y_min, y_max
    """
    fig = ax.get_figure()

    try:
        fig.canvas.renderer
    except Exception as e:
        log.debug(e)
        # otherwise no renderer, needed for text position calculation
        fig.canvas.draw()

    x_min = None
    x_max = None
    y_min = None
    y_max = None

    # get bounding box of text
    transform = ax.transAxes.inverted()
    try:
        bb = text.get_window_extent(renderer=fig.canvas.get_renderer())
    except:
        bb = text.get_window_extent()
    bb = bb.transformed(transform)
    x_min = bb.get_points()[0][0]
    x_max = bb.get_points()[1][0]
    y_min = bb.get_points()[0][1]
    y_max = bb.get_points()[1][1]

    return x_min, x_max, y_min, y_max



[docs]def _add_mpl_rect_around_text(text_list, ax, x_padding=0.05, y_padding=0.05, **kwargs):
    """
    add a rectangle to the axes (behind the text)

    provide a list of text elements and possible options passed to
    mpl.patches.Rectangle
    e.g.
    facecolor="grey",
    alpha=0.2,
    zorder=99,
    """

    x_gmin = 1
    y_gmin = 1
    x_gmax = 0
    y_gmax = 0

    for text in text_list:
        x_min, x_max, y_min, y_max = _get_mpl_text_coordinates(text, ax)
        if x_min < x_gmin:
            x_gmin = x_min
        if y_min < y_gmin:
            y_gmin = y_min
        if x_max > x_gmax:
            x_gmax = x_max
        if y_max > y_gmax:
            y_gmax = y_max

    # coords between 0 and 1 (relative to axes) add 10% margin
    y_gmin = np.clip(y_gmin - y_padding, 0, 1)
    y_gmax = np.clip(y_gmax + y_padding, 0, 1)
    x_gmin = np.clip(x_gmin - x_padding, 0, 1)
    x_gmax = np.clip(x_gmax + x_padding, 0, 1)

    rect = mpl.patches.Rectangle(
        (x_gmin, y_gmin),
        x_gmax - x_gmin,
        y_gmax - y_gmin,
        transform=ax.transAxes,
        **kwargs,
    )

    ax.add_patch(rect)



# ------------------------------------------------------------------------------ #
# Parameters, we have to do this first so we can have default arguments
# ------------------------------------------------------------------------------ #
[docs]def get_rcparams_default():
    """
    Get a Param (dict) of the default parameters.
    Here we set our default values. Assigned once to module variable
    `rcParamsDefault` on load.
    """
    par = Param(
        locale="en_US",
        date_format="%b %d",  # Removed - in %-d because of windows...
        date_show_minor_ticks=True,
        rasterization_zorder=-1,
        draw_ci_95=True,
        draw_ci_75=False,
        draw_ci_50=False,
        color_model="tab:green",
        color_data="tab:blue",
        color_prior="#708090",
        color_annot="#646464",
    )

    return par



[docs]def set_rcparams(par):
    """
    Sets the rcparameters used for plotting, provided instance of `Param` has to have
    the following keys (attributes):

    Attributes
    ----------
    locale : str
        region settings, passed to `setlocale()`. Default: "en_US"

    date_format : str
        Format the date on the x axis of time-like data (see https://strftime.org/)
        example April 1 2020:
        "%m/%d" 04/01, "%-d. %B" 1. April
        Default "%b %-d", becomes April 1

    date_show_minor_ticks : bool
        whether to show the minor ticks (for every day). Default: True

    rasterization_zorder : int or None
        Rasterizes plotted content below this value, set to None to keep everything
        a vector, Default: -1

    draw_ci_95 : bool
        For timeseries plots, indicate 95% Confidence interval via fill between.
        Default: True

    draw_ci_75 : bool
        For timeseries plots, indicate 75% Confidence interval via fill between.
        Default: False

    draw_ci_50 : bool
        For timeseries plots, indicate 50% Confidence interval via fill between.
        Default: False

    color_model : str
        Base color used for model plots, mpl compatible color code "C0", "#303030"
        Default : "tab:green"

    color_data : str
        Base color used for data
        Default : "tab:blue"

    color_annot : str
        Color to use for annotations
        Default : "#646464"

    color_prior : str
        Color to used for priors in distributions
        Default : "#708090"

    Example
    -------
    .. code-block:: python

        # Get default parameter
        pars = cov.plot.get_rcparams_default()

        # Change parameters
        pars["locale"]="de_DE"
        pars["color_data"]="tab:purple"

        # Set parameters
        cov.plot.set_rcparams(pars)
    ..
    """
    for key in get_rcparams_default().keys():
        assert key in par.keys(), "Provide all keys that are in .get_rcparams_default()"

    global rcParams
    rcParams = copy.deepcopy(par)



[docs]class Param(dict):
    """
    Paramters Base Class (a tweaked dict)

    We inherit from dict and also provide keys as attributes, mapped to `.get()` of
    dict. This avoids the KeyError: if getting parameters via `.the_parname`, we
    return None when the param does not exist.

    Avoid using keys that have the same name as class functions etc.

    Example
    -------
    .. code-block:: python

        foo = Param(lorem="ipsum")
        print(foo.lorem)
        >>> 'ipsum'
        print(foo.does_not_exist is None)
        >>> True
    ..
    """

    __getattr__ = dict.get
    __setattr__ = dict.__setitem__
    __delattr__ = dict.__delitem__

    def __deepcopy__(self, memo=None):
        return Param(copy.deepcopy(dict(self), memo=memo))

    @property
    def varnames(self):
        return [*self]



# ------------------------------------------------------------------------------ #
# Formatting helpers
# ------------------------------------------------------------------------------ #
[docs]def _format_k(prec):
    """
    format yaxis 10_000 as 10 k.
    _format_k(0)(1200, 1000.0) gives "1 k"
    _format_k(1)(1200, 1000.0) gives "1.2 k"
    """

    def inner(xval, tickpos):
        if xval == 0:
            return "0"
        else:
            return f"${xval/1_000:.{prec}f}\,$k"

    return inner



[docs]def _format_date_xticks(ax, minor=None):
    # ensuring utf-8 helps on some setups
    locale.setlocale(locale.LC_ALL, rcParams.locale + ".UTF-8")
    ax.xaxis.set_major_locator(
        mpl.dates.WeekdayLocator(interval=1, byweekday=mpl.dates.SU)
    )
    if minor is None:
        # overwrite local argument with rc params only if default.
        minor = rcParams["date_show_minor_ticks"]
    if minor is True:
        ax.xaxis.set_minor_locator(mpl.dates.DayLocator())
    ax.xaxis.set_major_formatter(mpl.dates.DateFormatter(rcParams["date_format"]))



[docs]def _truncate_number(number, precision):
    return "{{:.{}f}}".format(precision).format(number)



[docs]def _string_median_CI(arr, prec=2):
    f_trunc = lambda n: _truncate_number(n, prec)
    med = f_trunc(np.median(arr))
    perc1, perc2 = (
        f_trunc(np.percentile(arr, q=2.5)),
        f_trunc(np.percentile(arr, q=97.5)),
    )
    # return "Median: {}\nCI: [{}, {}]".format(med, perc1, perc2)
    return f"{med}", f"[{perc1}, {perc2}]"



[docs]def _add_watermark(ax, mark="Dehning et al. 10.1126/science.abb9789"):
    """
    Add our arxive url to an axes as (upper right) title
    """

    # fig.text(
    #     pos[0],
    #     pos[1],
    #     "Dehning et al.",
    #     fontsize="medium",
    #     transform=  fig.transFigure,
    #     verticalalignment="top",
    #     horizontalalignment="right",
    #     color="#646464"
    #     # bbox=dict(facecolor="white", alpha=0.5, edgecolor="none"),
    # )

    ax.set_title(mark, fontsize="small", loc="right", color="#646464")



# ------------------------------------------------------------------------------ #
# init
# ------------------------------------------------------------------------------ #
# set global parameter variables
rcParams = get_rcparams_default()




          

      

      

    

  

    
      
          
            
  Source code for covid19_inference.sampling

import random
import logging
import warnings

import pymc3 as pm
import arviz as az
import numpy as np

log = logging.getLogger(__name__)


[docs]def get_start_points(trace, trace_az, frames_start=None, SD_chain_logl=2.5):
    r"""
    Returns the starting points such that the chains deviate at most SD_chain_logl
    standard deviations from the chain with the highest likelihood.
    Parameters
    ----------
    trace : multitrace object
    trace_az : arviz trace object
    frames_start : int
        Which frames to use for calculating the mean likelihood and its standard deviation.
        By default it is set to the last third of the tuning samples
    SD_chain_logl : float
        The number of standard deviations. 2.5 as default
    Returns
    -------
    start_points :
        A list of starting points
    logl_mean :
        The mean log-likelihood of the starting points
    """
    logl = trace_az.warmup_sample_stats["lp"]
    n_tune = logl.shape[1]
    n_chains = logl.shape[0]
    if frames_start is None:
        frames_start = 3 * n_tune // 4
    logl_mean = np.array(logl[:, frames_start:].mean(axis=1))
    logl_std = np.array(logl[:, frames_start:].std(axis=1))
    max_idx = np.argmax(logl_mean)
    logl_thr = logl_mean[max_idx] - logl_std[max_idx] * SD_chain_logl
    keep_chains = logl_mean >= logl_thr
    log.info(f"Num chains kept: {np.sum(keep_chains)}/{n_chains}")

    start_points = []
    for i, keep_chain in enumerate(keep_chains):
        if keep_chain:
            start_points.append(trace.point(-1, chain=i))

    return start_points, logl_mean[keep_chains]



[docs]def robust_sample(
    model,
    tune,
    draws,
    tuning_chains,
    final_chains,
    return_tuning=False,
    args_start_points=None,
    tune_2nd=None,
    **kwargs,
):
    r"""
    Samples the model by starting more chains than needed (tuning chains) and using only
    a reduced number final_chains for the final sampling. The final chains are randomly
    chosen (without replacement) weighted by their likelihood.
    Parameters
    ----------
    model : :class:`Cov19Model`
        The model
    tune : int
        Number of tuning samples
    draws : int
        Number of final samples
    tuning_chains : int
        Number of tuning chains
    final_chains : int
        Number of draw chains
    args_start_points : dict
        Arguments passed to `get_start_points`
    tune_2nd : int
        If set, use different number of tuning samples for the second tuning
    **kwargs :
        Arguments passed to `pm.sample`

    Returns
    -------
    trace : trace as multitrace object
    trace_az : trace as arviz object

    """
    with warnings.catch_warnings():
        warnings.filterwarnings(
            "ignore", message=".*invalid value encountered in double_scalars.*"
        )
        warnings.filterwarnings(
            "ignore", message=".*Tuning samples will be included in the returned.*"
        )
        warnings.filterwarnings(
            "ignore", message=".*Tuning was enabled throughout the whole trace.*"
        )
        warnings.filterwarnings("ignore", message=".*Mean of empty slice.*")
        warnings.filterwarnings(
            "ignore",
            message=".*The number of samples is too small to check convergence reliably.*",
        )
        trace_tuning = pm.sample(
            model=model,
            tune=tune,
            draws=0,
            chains=tuning_chains,
            return_inferencedata=False,
            discard_tuned_samples=False,
            **kwargs,
        )
        trace_tuning_az = az.from_pymc3(trace_tuning, model=model, save_warmup=True)
        if args_start_points is None:
            args_start_points = {}
        start_points, logl_starting_points = get_start_points(
            trace_tuning, trace_tuning_az, **args_start_points
        )
        num_start_points = len(start_points)

        if num_start_points < final_chains:
            log.warning(
                "Not enough chains converged to minimum, we recommend increasing the number of tuning chains"
            )
            start_points = random.choices(start_points, k=final_chains)
        elif num_start_points > final_chains:
            p = np.exp(logl_starting_points - max(logl_starting_points))
            start_points = np.random.choice(
                start_points, size=final_chains, p=p / np.sum(p), replace=False,
            )

        trace = pm.sample(
            model=model,
            tune=tune_2nd if tune_2nd is not None else tune,
            draws=draws,
            chains=final_chains,
            start=start_points,
            return_inferencedata=False,
            discard_tuned_samples=False,
            **kwargs,
        )
        trace_az = az.from_pymc3(trace, model=model, save_warmup=True)
    if return_tuning:
        return trace, trace_az, trace_tuning, trace_tuning_az
    else:
        return trace, trace_az





          

      

      

    

  

    
      
          
            
  Source code for covid19_inference.data_retrieval._Financial_Times

import datetime
import pandas as pd
import logging

# Import base class
from .retrieval import Retrieval, _data_dir_fallback

log = logging.getLogger(__name__)


[docs]class FINANCIAL_TIMES(Retrieval):
    """
    This class can be used to retrieve the excess mortality data from the Financial Times
    `github repository <https://github.com/Financial-Times/coronavirus-excess-mortality-data>`_.

    Example
    -------
    .. code-block::

        ft = cov19.data_retrieval.FINANCIAL_TIMES()
        ft.download_all_available_data()

        #Access the data by
        ft.data
        #or
        ft.get(filter) #see below
    """

[docs]    def __init__(self, auto_download=False):
        """
        On init of this class the base Retrieval Class __init__ is called, with financial
        times specific arguments.

        Parameters
        ----------
        auto_download : bool, optional
            Whether or not to automatically call the download_all_available_data() method.
            One should explicitly call this method for more configuration options
            (default: false)
        """

        # ------------------------------------------------------------------------------ #
        #  Init Retrieval Base Class
        # ------------------------------------------------------------------------------ #
        """
        A name mainly used for the Local Filename
        """
        name = "Financial_times"

        """
        The url to the main dataset as csv, if none if supplied the fallback routines get used
        """
        url_csv = "https://raw.githubusercontent.com/Financial-Times/coronavirus-excess-mortality-data/master/data/ft_excess_deaths.csv"

        """
        Kwargs for pandas read csv
        """
        kwargs = {}  # Suppress warning

        """
        If the local file is older than the update_interval it gets updated once the
        download all function is called. Can be diffent values depending on the parent class
        """
        update_interval = datetime.timedelta(days=1)

        # Init the retrieval base class
        Retrieval.__init__(
            self,
            name,
            url_csv,
            [_data_dir_fallback + "/" + name + "_fallback.csv.gz"],
            update_interval,
            **kwargs,
        )

        if auto_download:
            self.download_all_available_data()


[docs]    def download_all_available_data(self, force_local=False, force_download=False):
        """
        Attempts to download from the main url (self.url_csv) which was given on initialization.
        If this fails download from the fallbacks. It can also be specified to use the local files
        or to force the download. The download methods get inhereted from the base retrieval class.

        Parameters
        ----------
        force_local : bool, optional
            If True forces to load the local files.
        force_download : bool, optional
            If True forces the download of new files
        """
        if force_local and force_download:
            raise ValueError("force_local and force_download cant both be True!!")

        # ------------------------------------------------------------------------------ #
        # 1 Download or get local file
        # ------------------------------------------------------------------------------ #
        retrieved_local = False
        if self._timestamp_local_old(force_local) or force_download:
            self._download_helper(**self.kwargs)
        else:
            retrieved_local = self._local_helper()

        # ------------------------------------------------------------------------------ #
        # 2 Save local
        # ------------------------------------------------------------------------------ #
        self._save_to_local() if not retrieved_local else None

        # ------------------------------------------------------------------------------ #
        # 3 Convert to useable format
        # ------------------------------------------------------------------------------ #
        self._to_iso()


    def _to_iso(self):
        """
        Converts the data to a usable format i.e. converts all date string to
        datetime objects and some other column names.

        This is most of the time the first place one has to look at if something breaks!

        self.data -> self.data converted
        """
        try:
            df = self.data
            # datetime columns
            df["date"] = pd.to_datetime(df["date"])
            df = df.rename(columns={"region": "state"})  # For consistency
            df = df.set_index("date")
            self.data = df
            return True
        except Exception as e:
            log.warning(f"There was an error formating the data! {e}")
            raise e
        return False

[docs]    def get(
        self,
        value="excess_deaths",
        country: str = "Germany",
        state: str = None,
        data_begin: datetime.datetime = None,
        data_end: datetime.datetime = None,
    ):
        """
        Retrieves specific data from the dataset, can be filtered by date, country and state.

        Parameters
        ----------
        value : str, optional
            Which data to return, possible values are
            - "deaths",
            - "expected_deaths",
            - "excess_deaths",
            - "excess_deaths_pct"
            (default: "excess_deaths")
        country : str, optional
        state : str, optional
            Possible countries and states can be retrieved by the `get_possible_countries_states()` method.
        begin_date : datetime.datetime, optional
            First day that should be filtered
        end_date : datetime.datetime, optional
            Last day that should be filtered
        """

        # ------------------------------------------------------------------------------ #
        # Default Parameters
        # ------------------------------------------------------------------------------ #
        possible_values = [
            "deaths",
            "expected_deaths",
            "excess_deaths_pct",
            "excess_deaths",
        ]
        assert (
            value in possible_values
        ), f"Value '{value}' not possible! Use one from {possible_values}"

        if state is None:
            state = country  # somehow they publish the data like that ¯\_(ツ)_/¯

        possible_countries_states = self.get_possible_countries_states()
        assert [
            country,
            state,
        ] in possible_countries_states, f"Country, state combination '[{country},{state}]' not possible! Check possible combinations by get_possible_countries_states()!"

        if data_begin is None:
            data_begin = self.__get_first_date()
        if data_end is None:
            data_end = self.__get_last_date()

        # ------------------------------------------------------------------------------ #
        # Filter the data
        # ------------------------------------------------------------------------------ #

        # Filter by country first
        df = self.data[self.data["country"] == country]

        # Filter by state next
        df = df[df["state"] == state]

        # Filter by value
        df = df[value]

        # Filter by date
        df = df[data_begin:data_end]

        return df


[docs]    def get_possible_countries_states(self):
        """
        Can be used to obtain all different possible countries with there corresponding possible states and regions.

        Returns
        -------
        : pandas.DataFrame
        """
        return self.data[["country", "state"]].drop_duplicates().to_numpy()


    def __get_first_date(self):
        return self.data.index.min()

    def __get_last_date(self):
        return self.data.index.max()





          

      

      

    

  

    
      
          
            
  Source code for covid19_inference.data_retrieval._Google

import datetime
import pandas as pd
import logging

# Import base class
from .retrieval import Retrieval, _data_dir_fallback

log = logging.getLogger(__name__)


[docs]class GOOGLE(Retrieval):
    """
    This class can be used to retrieve the mobility dataset from
    `Google <https://coronavirus.jhu.edu/>`_.

    Example
    -------
    .. code-block::

        gl = cov19.data_retrieval.GOOGLE()
        gl.download_all_available_data()

        #Acess the data by
        gl.data
        #or
        gl.get_changes(filter)
    """

[docs]    def __init__(self, auto_download=False):
        """
        On init of this class the base Retrieval Class __init__ is called, with google specific
        arguments.

        Parameters
        ----------
        auto_download : bool, optional
            Whether or not to automatically call the download_all_available_data() method.
            One should explicitly call this method for more configuration options
            (default: false)
        """

        # ------------------------------------------------------------------------------ #
        #  Init Retrieval Base Class
        # ------------------------------------------------------------------------------ #
        """
        A name mainly used for the Local Filename
        """
        name = "Google"

        """
        The url to the main dataset as csv, if none if supplied the fallback routines get used
        """
        url_csv = "https://www.gstatic.com/covid19/mobility/Global_Mobility_Report.csv"

        """
        Kwargs for pandas read csv
        """
        # kwargs = {"low_memory": False}  # Surpress warning

        """
        If the local file is older than the update_interval it gets updated once the
        download all function is called. Can be diffent values depending on the parent class
        """
        update_interval = datetime.timedelta(days=1)

        # Init the retrieval base class
        Retrieval.__init__(
            self,
            name,
            url_csv,
            [_data_dir_fallback + "/" + name + "_fallback.csv.gz"],
            update_interval,
        )

        if auto_download:
            self.download_all_available_data()


[docs]    def download_all_available_data(self, force_local=False, force_download=False):
        """
        Attempts to download from the main url (self.url_csv) which was given on initialization.
        If this fails download from the fallbacks. It can also be specified to use the local files
        or to force the download. The download methods get inhereted from the base retrieval class.

        Parameters
        ----------
        force_local : bool, optional
            If True forces to load the local files.
        force_download : bool, optional
            If True forces the download of new files
        """
        if force_local and force_download:
            raise ValueError("force_local and force_download cant both be True!!")

        # ------------------------------------------------------------------------------ #
        # 1 Download or get local file
        # ------------------------------------------------------------------------------ #
        retrieved_local = False
        if self._timestamp_local_old(force_local) or force_download:
            self._download_helper()
        else:
            retrieved_local = self._local_helper()

        # ------------------------------------------------------------------------------ #
        # 2 Save local
        # ------------------------------------------------------------------------------ #
        self._save_to_local() if not retrieved_local else None

        # ------------------------------------------------------------------------------ #
        # 3 Convert to useable format
        # ------------------------------------------------------------------------------ #
        self._to_iso()


    def _to_iso(self):
        """
        Converts the data to a usable format i.e. converts all date string to
        datetime objects and some other column names.

        This is most of the time the first place one has to look at if something breaks!

        self.data -> self.data converted
        """
        try:
            df = self.data
            if (
                "country_region" in df.columns
                and "sub_region_1" in df.columns
                and "sub_region_2" in df.columns
            ):
                df = df.rename(
                    columns={
                        "country_region": "country",
                        "sub_region_1": "state",
                        "sub_region_2": "region",
                    }
                )
            df = df.set_index(["country", "state", "region"])
            # datetime columns
            df["date"] = pd.to_datetime(df["date"])
            self.data = df
            return True
        except Exception as e:
            log.warning(f"There was an error formating the data! {e}")
            raise e
        return False

[docs]    def get_changes(
        self,
        country: str,
        state: str = None,
        region: str = None,
        data_begin: datetime.datetime = None,
        data_end: datetime.datetime = None,
    ):
        """
        Returns a dataframe with the relative changes in mobility to a baseline, provided by google.
        They are separated into "retail and recreation", "grocery and pharmacy", "parks", "transit", "workplaces" and "residental".
        Filterable for country, state and region and date.

        Parameters
        ----------
        country : str
            Selected country for the mobility data.
        state : str, optional
            State for the selected data if no value is selected the whole country is chosen
        region : str, optional
            Region for the selected data if  no value is selected the whole region/country is chosen
        data_begin, data_end : datetime.datetime, optional
            Filter for the desired time period

        Returns
        -------
        : pandas.DataFrame
        """
        if country not in self.data.index:
            raise ValueError("Invalid country!")
        if state not in self.data.index and state is not None:
            raise ValueError("Invalid state!")
        if region not in self.data.index and region is not None:
            raise ValueError("Invalid region!")
        if data_begin is not None and not isinstance(data_begin, datetime.datetime):
            raise ValueError("Invalid data_begin!")
        if data_end is not None and not isinstance(data_end, datetime.datetime):
            raise ValueError("Invalid end_date!")

        # Select everything with that country
        if state is None:
            df = self.data.iloc[self.data.index.get_level_values("region").isnull()]
        else:
            df = self.data.iloc[self.data.index.get_level_values("region") == region]

        if state is None:
            df = df.iloc[df.index.get_level_values("state").isnull()]
        else:
            df = df.iloc[df.index.get_level_values("state") == state]

        df = df.iloc[df.index.get_level_values("country") == country]

        df = df.set_index("date")

        return df.drop(columns=["country_region_code"])[data_begin:data_end]


[docs]    def get_possible_counties_states_regions(self):
        """
        Can be used to obtain all different possible countries with there corresponding possible states and regions.

        Returns
        -------
        : pandas.DataFrame
        """
        return self.data.index.unique()






          

      

      

    

  

    
      
          
            
  Source code for covid19_inference.data_retrieval._JHU

import datetime
import pandas as pd
import logging

# Import base class
from .retrieval import Retrieval, get_data_dir, _data_dir_fallback

log = logging.getLogger(__name__)


[docs]class JHU(Retrieval):
    """
    This class can be used to retrieve and filter the dataset from the online repository of the coronavirus visual dashboard operated
    by the `Johns Hopkins University <https://coronavirus.jhu.edu/>`_.

    Features
        - download all files from the online repository of the coronavirus visual dashboard operated by the Johns Hopkins University.
        - filter by deaths, confirmed cases and recovered cases
        - filter by country and state
        - filter by date

    Example
    -------
    .. code-block::

        jhu = cov19.data_retrieval.JHU()
        jhu.download_all_available_data()

        #Acess the data by
        jhu.data
        #or
        jhu.get_new("confirmed","Italy")
        jhu.get_total(filter)
    """

    @property
    def data(self):
        if self.confirmed is None or self.deaths is None or self.recovered is None:
            return None
        return (self.confirmed, self.deaths, self.recovered)

[docs]    def __init__(self, auto_download=False):
        """
        On init of this class the base Retrieval Class __init__ is called, with jhu specific
        arguments.

        Parameters
        ----------
        auto_download : bool, optional
            Whether or not to automatically call the download_all_available_data() method.
            One should explicitly call this method for more configuration options
            (default: false)
        """

        # ------------------------------------------------------------------------------ #
        #  Init Retrieval Base Class
        # ------------------------------------------------------------------------------ #
        """
        A name mainly used for the Local Filename
        """
        name = "Jhu"

        """
        The url to the main dataset as csv, if none if supplied the fallback routines get used
        """
        url_csv = [
            "https://raw.githubusercontent.com/CSSEGISandData/COVID-19/master/csse_covid_19_data/csse_covid_19_time_series/time_series_covid19_confirmed_global.csv",
            "https://raw.githubusercontent.com/CSSEGISandData/COVID-19/master/csse_covid_19_data/csse_covid_19_time_series/time_series_covid19_deaths_global.csv",
            "https://raw.githubusercontent.com/CSSEGISandData/COVID-19/master/csse_covid_19_data/csse_covid_19_time_series/time_series_covid19_recovered_global.csv",
        ]

        """
        Kwargs for pandas read csv
        """
        kwargs = {}  # Surpress warning

        """
        Fallbacks
        """
        fallbacks = [self._fallback_local_backup]

        """
        If the local file is older than the update_interval it gets updated once the
        download all function is called. Can be diffent values depending on the parent class
        """
        update_interval = datetime.timedelta(days=1)

        # Init the retrieval base class
        Retrieval.__init__(self, name, url_csv, fallbacks, update_interval, **kwargs)

        self.confirmed = None
        self.deaths = None
        self.recovered = None

        if auto_download:
            self.download_all_available_data()


[docs]    def download_all_available_data(self, force_local=False, force_download=False):
        """
        Attempts to download from the main urls (self.url_csv) which was set on initialization of
        this class.
        If this fails it downloads from the fallbacks. It can also be specified to use the local files
        or to force the download. The download methods get inhereted from the base retrieval class.

        Parameters
        ----------
        force_local : bool, optional
            If True forces to load the local files.
        force_download : bool, optional
            If True forces the download of new files
        """
        if force_local and force_download:
            raise ValueError("force_local and force_download cant both be True!!")

        # ------------------------------------------------------------------------------ #
        # 1 Download or get local file
        # ------------------------------------------------------------------------------ #
        retrieved_local = False
        if self._timestamp_local_old(force_local) or force_download:
            self._download_helper(**self.kwargs)
        else:
            retrieved_local = self._local_helper()

        # ------------------------------------------------------------------------------ #
        # 2 Save local
        # ------------------------------------------------------------------------------ #
        self._save_to_local() if not retrieved_local else None

        # ------------------------------------------------------------------------------ #
        # 3 Convert to useable format
        # ------------------------------------------------------------------------------ #
        self._to_iso()


    def _to_iso(self):
        """
        Converts the data to a usable format i.e. converts all date string to
        datetime objects and some other column names.

        This is most of the time the first place one has to look at if something breaks!

        self.data -> self.data converted
        """

        def helper(df):
            try:
                df = df.drop(columns=["Lat", "Long"]).rename(
                    columns={"Province/State": "state", "Country/Region": "country"}
                )
                df = df.set_index(["country", "state"])
                df.columns = pd.to_datetime(df.columns)
            except Exception as e:
                log.warning(f"There was an error formating the data! {e}")
                raise e
            return df

        self.confirmed = helper(self.confirmed).T
        self.deaths = helper(self.deaths).T
        self.recovered = helper(self.recovered).T

        return True

[docs]    def get_total_confirmed_deaths_recovered(
        self,
        country: str = None,
        state: str = None,
        begin_date: datetime.datetime = None,
        end_date: datetime.datetime = None,
    ):
        """
        Retrieves all confirmed, deaths and recovered cases from the Johns Hopkins University dataset as a DataFrame with datetime index.
        Can be filtered by country and state, if only a country is given all available states get summed up.

        Parameters
        ----------
        country : str, optional
            name of the country (the "Country/Region" column), can be None if the whole summed up data is wanted (why would you do this?)
        state : str, optional
            name of the state (the "Province/State" column), can be None if country is set or the whole summed up data is wanted
        begin_date : datetime.datetime, optional
            intial date for the returned data, if no value is given the first date in the dataset is used
        end_date : datetime.datetime, optional
            last date for the returned data, if no value is given the most recent date in the dataset is used

        Returns
        -------
        : pandas.DataFrame
        """

        # filter
        df = pd.DataFrame(
            columns=["date", "confirmed", "deaths", "recovered"]
        ).set_index("date")
        if country is None:
            df["confirmed"] = self.confirmed.sum(axis=1, skipna=True)
            df["deaths"] = self.deaths.sum(axis=1, skipna=True)
            df["recovered"] = self.recovered.sum(axis=1, skipna=True)
        else:
            if state is None:
                df["confirmed"] = self.confirmed[country].sum(axis=1, skipna=True)
                df["deaths"] = self.deaths[country].sum(axis=1, skipna=True)
                df["recovered"] = self.recovered[country].sum(axis=1, skipna=True)
            else:
                df["confirmed"] = self.confirmed[(country, state)]
                df["deaths"] = self.deaths[(country, state)]
                df["recovered"] = self.recovered[(country, state)]
        df.index.name = "date"

        return self.filter_date(df, begin_date, end_date)


[docs]    def get_new(
        self,
        value="confirmed",
        country: str = None,
        state: str = None,
        data_begin: datetime.datetime = None,
        data_end: datetime.datetime = None,
    ):
        """
        Retrieves all new cases from the Johns Hopkins University dataset as a DataFrame with datetime index.
        Can be filtered by value, country and state, if only a country is given all available states get summed up.

        Parameters
        ----------
        value: str
            Which data to return, possible values are
            - "confirmed",
            - "recovered",
            - "deaths"
            (default: "confirmed")
        country : str, optional
            name of the country (the "Country/Region" column), can be None
        state : str, optional
            name of the state (the "Province/State" column), can be None
        begin_date : datetime.datetime, optional
            intial date for the returned data, if no value is given the first date in the dataset is used
        end_date : datetime.datetime, optional
            last date for the returned data, if no value is given the most recent date in the dataset is used

        Returns
        -------
        : pandas.DataFrame
            table with new cases and the date as index

        """

        # ------------------------------------------------------------------------------ #
        # Default Parameters
        # ------------------------------------------------------------------------------ #
        if value not in ["confirmed", "recovered", "deaths"]:
            raise ValueError(
                'Invalid value. Valid options: "confirmed", "deaths", "recovered"'
            )

        if self.data is None:
            self.download_all_available_data()

        if country == "None":
            country = None
        if state == "None":
            state = None

        # If no date is given set to first and last dates in data
        if data_begin is None:
            data_begin = self.__get_first_date() + datetime.timedelta(days=1)
        if data_end is None:
            data_end = self.__get_last_date()

        if data_begin == self.data[0].index[0]:
            raise ValueError("Date has to be after the first dataset entry")

        # ------------------------------------------------------------------------------ #
        # Retrieve data and filter it
        # ------------------------------------------------------------------------------ #
        df = pd.DataFrame(columns=["date", value]).set_index("date")

        if country is None:
            df[value] = orig.sum(axis=1, skipna=True)
        else:
            if state is None:
                df[value] = getattr(self, value)[country].sum(axis=1, skipna=True)
            else:
                df[value] = getattr(self, value)[(country, state)]
        df.index.name = "date"

        df = self.filter_date(df, data_begin - datetime.timedelta(days=1), data_end)
        df = (
            df.diff().drop(df.index[0]).astype(int)
        )  # Neat oneliner to also drop the first row and set the type back to int
        return df[value]


[docs]    def get_total(
        self,
        value="confirmed",
        country: str = None,
        state: str = None,
        data_begin: datetime.datetime = None,
        data_end: datetime.datetime = None,
    ):
        """
        Retrieves all total/cumulative cases from the Johns Hopkins University dataset as a DataFrame with datetime index.
        Can be filtered by value, country and state, if only a country is given all available states get summed up.

        Parameters
        ----------
        value: str
            Which data to return, possible values are
            - "confirmed",
            - "recovered",
            - "deaths"
            (default: "confirmed")
        country : str, optional
            name of the country (the "Country/Region" column), can be None
        state : str, optional
            name of the state (the "Province/State" column), can be None
        begin_date : datetime.datetime, optional
            intial date for the returned data, if no value is given the first date in the dataset is used
        end_date : datetime.datetime, optional
            last date for the returned data, if no value is given the most recent date in the dataset is used

        Returns
        -------
        : pandas.DataFrame
            table with total/cumulative cases and the date as index
        """

        # ------------------------------------------------------------------------------ #
        # Default Parameters
        # ------------------------------------------------------------------------------ #
        if value not in ["confirmed", "recovered", "deaths"]:
            raise ValueError(
                'Invalid value. Valid options: "confirmed", "deaths", "recovered"'
            )

        if self.data is None:
            self.download_all_available_data()

        if country == "None":
            country = None
        if state == "None":
            state = None

        # Note: It should be fine to NOT check for the date since this is also done by the filter_date method

        # ------------------------------------------------------------------------------ #
        # Retrieve data and filter it
        # ------------------------------------------------------------------------------ #
        df = pd.DataFrame(columns=["date", value]).set_index("date")
        orig = getattr(self, value)
        if country is None:
            df[value] = getattr(self, value).sum(axis=1, skipna=True)
        else:
            if state is None:
                df[value] = getattr(self, value)[country].sum(axis=1, skipna=True)
            else:
                df[value] = getattr(self, value)[(country, state)]
        df.index.name = "date"
        df = self.filter_date(df, data_begin, data_end)
        return df[value]


[docs]    def filter_date(
        self,
        df,
        begin_date: datetime.datetime = None,
        end_date: datetime.datetime = None,
    ):
        """
        Returns give dataframe between begin and end date. Dataframe has to have a datetime index.

        Parameters
        ----------
        begin_date : datetime.datetime, optional
            First day that should be filtered
        end_date : datetime.datetime, optional
            Last day that should be filtered

        Returns
        -------
        : pandas.DataFrame
        """
        if begin_date is None:
            begin_date = self.__get_first_date()
        if end_date is None:
            end_date = self.__get_last_date()

        if not isinstance(begin_date, datetime.datetime) and isinstance(
            end_date, datetime.datetime
        ):
            raise ValueError(
                "Invalid begin_date, end_date: has to be datetime.datetime object"
            )

        return df[begin_date:end_date]


    def __get_first_date(self):
        return self.data[0].index[0]

    def __get_last_date(self):
        return self.data[0].index[-1]

[docs]    def get_possible_countries_states(self):
        """
        Can be used to get a list with all possible states and coutries.

        Returns
        -------
        : pandas.DataFrame in the format
        """
        all_entrys = (
            list(self.confirmed.columns)
            + list(self.deaths.columns)
            + list(self.recovered.columns)
        )
        df = pd.DataFrame(all_entrys, columns=["country", "state"])

        return df


    # ------------------------------------------------------------------------------ #
    # Helper methods, overload from the base class
    # ------------------------------------------------------------------------------ #
    def _download_helper(self, **kwargs):
        """
        Overloads the method method from the Base Retrival class
        """
        try:
            # Try to download from original souce
            self._download_csvs_from_source(self.url_csv, **kwargs)
        except Exception as e:
            # Try all fallbacks
            log.info(f"Failed to download from url {self.url_csv} : {e}")
            self._fallback_handler()
        finally:
            # We save it to the local files
            # self.data._save_to_local()
            log.info(f"Successfully downloaded new files.")

    def _local_helper(self):
        """
        Overloads the method method from the Base Retrival class
        """
        try:
            self._download_csvs_from_source(
                [
                    get_data_dir() + self.name + "_confirmed" + ".csv.gz",
                    get_data_dir() + self.name + "_deaths" + ".csv.gz",
                    get_data_dir() + self.name + "_recovered" + ".csv.gz",
                ],
                **self.kwargs,
            )
            log.info(f"Successfully loaded data from local")
            return True
        except Exception as e:
            log.info(f"Failed to load local files! {e} Trying fallbacks!")
            self.download_helper(**self.kwargs)
        return False

    def _save_to_local(self):
        """
        Overloads the method method from the Base Retrival class
        """
        filepaths = [
            get_data_dir() + self.name + "_confirmed" + ".csv.gz",
            get_data_dir() + self.name + "_deaths" + ".csv.gz",
            get_data_dir() + self.name + "_recovered" + ".csv.gz",
        ]
        try:
            self.confirmed.to_csv(filepaths[0], compression="infer", index=False)
            self.deaths.to_csv(filepaths[1], compression="infer", index=False)
            self.recovered.to_csv(filepaths[2], compression="infer", index=False)
            self._create_timestamp()
            log.info(f"Local backup to {filepaths} successful.")
            return True
        except Exception as e:
            log.warning(f"Could not create local backup {e}")
            raise e
        return False

    def _download_csvs_from_source(self, filepaths, **kwargs):
        self.confirmed = pd.read_csv(filepaths[0], **kwargs)
        self.deaths = pd.read_csv(filepaths[1], **kwargs)
        self.recovered = pd.read_csv(filepaths[2], **kwargs)

    def _fallback_local_backup(self):
        path_confirmed = (
            _data_dir_fallback
            + "/"
            + self.name
            + "_confirmed"
            + "_fallback"
            + ".csv.gz"
        )
        path_deaths = (
            _data_dir_fallback + "/" + self.name + "_deaths" + "_fallback" + ".csv.gz"
        )
        path_recovered = (
            _data_dir_fallback
            + "/"
            + self.name
            + "_recovered"
            + "_fallback"
            + ".csv.gz"
        )
        self.confirmed = pd.read_csv(path_confirmed, **self.kwargs)
        self.deaths = pd.read_csv(path_deaths, **self.kwargs)
        self.recovered = pd.read_csv(path_recovered, **self.kwargs)





          

      

      

    

  

    
      
          
            
  Source code for covid19_inference.data_retrieval._OWD

import datetime
import pandas as pd
import logging

# Import base class
from .retrieval import Retrieval, _data_dir_fallback

log = logging.getLogger(__name__)


[docs]class OWD(Retrieval):
    """
    This class can be used to retrieve the testings dataset from
    `Our World in Data <https://ourworldindata.org/coronavirus>`_.

    Example
    -------
    .. code-block::

        owd = cov19.data_retrieval.OWD()
        owd.download_all_available_data()

    """

[docs]    def __init__(self, auto_download=False):
        """
        On init of this class the base Retrieval Class __init__ is called, with google specific
        arguments.

        Parameters
        ----------
        auto_download : bool, optional
            Whether or not to automatically call the download_all_available_data() method.
            One should explicitly call this method for more configuration options
            (default: false)
        """

        # ------------------------------------------------------------------------------ #
        #  Init Retrieval Base Class
        # ------------------------------------------------------------------------------ #
        """
        A name mainly used for the Local Filename
        """
        name = "OurWorldinData"

        """
        The url to the main dataset as csv, if none if supplied the fallback routines get used
        """
        url_csv = "https://covid.ourworldindata.org/data/owid-covid-data.csv"

        """
        Kwargs for pandas read csv
        """
        kwargs = {}  # Surpress warning

        """
        If the local file is older than the update_interval it gets updated once the
        download all function is called. Can be diffent values depending on the parent class
        """
        update_interval = datetime.timedelta(days=1)

        # Init the retrieval base class
        Retrieval.__init__(
            self,
            name,
            url_csv,
            [_data_dir_fallback + "/" + name + "_fallback.csv.gz"],
            update_interval,
            **kwargs,
        )

        if auto_download:
            self.download_all_available_data()


[docs]    def download_all_available_data(self, force_local=False, force_download=False):
        """
        Attempts to download from the main url (self.url_csv) which was given on initialization.
        If this fails download from the fallbacks. It can also be specified to use the local files
        or to force the download. The download methods get inhereted from the base retrieval class.

        Parameters
        ----------
        force_local : bool, optional
            If True forces to load the local files.
        force_download : bool, optional
            If True forces the download of new files
        """
        if force_local and force_download:
            raise ValueError("force_local and force_download cant both be True!!")

        # ------------------------------------------------------------------------------ #
        # 1 Download or get local file
        # ------------------------------------------------------------------------------ #
        retrieved_local = False
        if self._timestamp_local_old(force_local) or force_download:
            self._download_helper(**self.kwargs)
        else:
            retrieved_local = self._local_helper()

        # ------------------------------------------------------------------------------ #
        # 2 Save local
        # ------------------------------------------------------------------------------ #
        self._save_to_local() if not retrieved_local else None

        # ------------------------------------------------------------------------------ #
        # 3 Convert to useable format
        # ------------------------------------------------------------------------------ #
        self._to_iso()


    def _to_iso(self):
        """
        Converts the data to a usable format i.e. converts all date string to
        datetime objects and some other column names.

        This is most of the time the first place one has to look at if something breaks!

        self.data -> self.data converted
        """
        try:
            df = self.data
            if "location" in df.columns:
                df = df.rename(columns={"location": "country"})
            # datetime columns
            df["date"] = pd.to_datetime(df["date"])
            df = df.set_index("date")
            self.data = df

        except Exception as e:
            log.warning(f"There was an error formating the data! {e}")
            raise e
        return False

[docs]    def get_possible_countries(self):
        """
            Can be used to obtain all different possible countries in the dataset.

            Returns
            -------
            : pandas.DataFrame
        """
        return self.data["country"].unique()


[docs]    def get_total(self, value="tests", country=None, data_begin=None, data_end=None):
        """
            Retrieves all new cases from the Our World in Data dataset as a DataFrame with datetime index.
            Can be filtered by value, country and state, if only a country is given all available states get summed up.

            Parameters
            ----------
            value: str
                Which data to return, possible values are
                - "confirmed",
                - "tests",
                - "deaths",
                - "vacination"
                (default: "confirmed")
            country : str
                name of the country
            begin_date : datetime.datetime, optional
                intial date for the returned data, if no value is given the first date in the dataset is used
            end_date : datetime.datetime, optional
                last date for the returned data, if no value is given the most recent date in the dataset is used

            Returns
            -------
            : pandas.DataFrame
                table with new cases and the date as index
        """
        if value not in ["confirmed", "deaths", "tests", "vacinations"]:
            log.warning(
                "Valid values are 'confirmed', 'tests', 'vacinations' and 'deaths'"
            )
            raise ValueError("No valid value given! " + value)
        if value == "confirmed":
            filter_value = "total_cases"
        if value == "deaths":
            filter_value = "total_deaths"
        if value == "tests":
            filter_value = "total_tests"
        if value == "vacinations":
            filter_value = "total_vaccinations"
        return self._filter(
            value=filter_value,
            country=country,
            data_begin=data_begin,
            data_end=data_end,
        ).dropna()


[docs]    def get_new(self, value="tests", country=None, data_begin=None, data_end=None):
        """
            Retrieves all new cases from the Our World in Data dataset as a DataFrame with datetime index.
            casesn be filtered by value, country and state, if only a country is given all available states get summed up.

            Parameters
            ----------
            value: str
                Which data to return, possible values are
                - "confirmed",
                - "tests",
                - "deaths"
                (default: "confirmed")
            country : str
                name of the country
            begin_date : datetime.datetime, optional
                intial date for the returned data, if no value is given the first date in the dataset is used
            end_date : datetime.datetime, optional
                last date for the returned data, if no value is given the most recent date in the dataset is used

            Returns
            -------
            : pandas.DataFrame
                table with new cases and the date as index
        """
        if value not in ["confirmed", "deaths", "tests", "vacinations"]:
            log.warning(
                "Valid values are 'confirmed', 'tests', 'vacinations' and 'deaths'"
            )
            raise ValueError("No valid value given! " + value)
        if value == "confirmed":
            filter_value = "new_cases"
        if value == "deaths":
            filter_value = "new_deaths"
        if value == "tests":
            filter_value = "new_tests"
        if value == "vacinations":
            filter_value = "new_vaccinations"
        return self._filter(
            value=filter_value,
            country=country,
            data_begin=data_begin,
            data_end=data_end,
        ).dropna()


    def _filter(self, value="new_cases", country=None, data_begin=None, data_end=None):
        """
        Filter the dataset by value, country and date.
        """
        if country not in self.data["country"].unique():
            log.warning(
                "Please select a valid country. For the full dataset use self.data!"
            )
            raise ValueError("No valid country given! " + country)

        if value not in self.data.columns:
            log.warning(
                "Please select a valid filter value. For the full dataset use self.data!"
            )
            raise ValueError("No valid value given! " + value)

        # First we filter by the given country
        df = self.data.loc[self.data["country"] == country]
        # Than we get the corresponding value
        df = df[value]

        if data_begin is None:
            data_begin = df.index[0]
        if data_end is None:
            data_end = df.index[-1]

        return df[data_begin:data_end]





          

      

      

    

  

    
      
          
            
  Source code for covid19_inference.data_retrieval._OxCGRT

import datetime
import pandas as pd
import logging

# Import base class
from .retrieval import Retrieval, _data_dir_fallback

log = logging.getLogger(__name__)


[docs]class OxCGRT(Retrieval):
    """
    This class can be used to retrieve the datasset on goverment policies from the
    `Oxford Covid-19 Government Response Tracker <https://github.com/OxCGRT/covid-policy-tracker>`_.


    Example
    -------
    .. code-block::

        gov_pol = cov19.data_retrieval.OxCGRT()
        gov_pol.download_all_available_data()

    """

[docs]    def __init__(self, auto_download=False):
        """
        On init of this class the base Retrieval Class __init__ is called, with google specific
        arguments.

        Parameters
        ----------
        auto_download : bool, optional
            Whether or not to automatically call the download_all_available_data() method.
            One should explicitly call this method for more configuration options
            (default: false)
        """

        # ------------------------------------------------------------------------------ #
        #  Init Retrieval Base Class
        # ------------------------------------------------------------------------------ #
        """
        A name mainly used for the Local Filename
        """
        name = "OxCGRT"

        """
        The url to the main dataset as csv, if none if supplied the fallback routines get used
        """
        url_csv = "https://raw.githubusercontent.com/OxCGRT/covid-policy-tracker/master/data/OxCGRT_latest.csv"

        """
        Kwargs for pandas read csv
        """
        kwargs = {}  # Surpress warning

        """
        If the local file is older than the update_interval it gets updated once the
        download all function is called. Can be diffent values depending on the parent class
        """
        update_interval = datetime.timedelta(days=1)

        # Init the retrieval base class
        Retrieval.__init__(
            self,
            name,
            url_csv,
            [_data_dir_fallback + "/" + name + "_fallback.csv.gz"],
            update_interval,
            **kwargs,
        )

        if auto_download:
            self.download_all_available_data()


[docs]    def download_all_available_data(self, force_local=False, force_download=False):
        """
        Attempts to download from the main url (self.url_csv) which was given on initialization.
        If this fails download from the fallbacks. It can also be specified to use the local files
        or to force the download. The download methods get inhereted from the base retrieval class.

        Parameters
        ----------
        force_local : bool, optional
            If True forces to load the local files.
        force_download : bool, optional
            If True forces the download of new files
        """
        if force_local and force_download:
            raise ValueError("force_local and force_download cant both be True!!")

        # ------------------------------------------------------------------------------ #
        # 1 Download or get local file
        # ------------------------------------------------------------------------------ #
        retrieved_local = False
        if self._timestamp_local_old(force_local) or force_download:
            self._download_helper(**self.kwargs)
        else:
            retrieved_local = self._local_helper()

        # ------------------------------------------------------------------------------ #
        # 2 Save local
        # ------------------------------------------------------------------------------ #
        self._save_to_local() if not retrieved_local else None

        # ------------------------------------------------------------------------------ #
        # 3 Convert to useable format
        # ------------------------------------------------------------------------------ #
        self._to_iso()


    def _to_iso(self):
        """
        Converts the data to a usable format i.e. converts all date string to
        datetime objects and some other column names.

        This is most of the time the first place one has to look at if something breaks!

        self.data -> self.data converted
        """
        try:
            df = self.data
            if "Date" in df.columns:
                df = df.rename(columns={"Date": "date"})
            if "CountryName" in df.columns:
                df = df.rename(columns={"CountryName": "country"})
            # datetime columns
            df["date"] = pd.to_datetime(df["date"], format="%Y%m%d")
            df = df.set_index("date")
            self.data = df
        except Exception as e:
            log.warning(f"There was an error formating the data! {e}")
            raise e
        return False

[docs]    def get_possible_countries(self):
        """
            Can be used to obtain all different possible countries in the dataset.

            Returns
            -------
            : pandas.DataFrame
        """
        return self.data["country"].unique()


[docs]    def get_possible_policies(self):
        """
            Can be used to obtain all policies in there corresponding categories possible countries in the dataset.

            Returns
            -------
            : dict
        """

        ret = dict()
        ret["containment and closure policies"] = []
        ret["economic policies"] = []
        ret["health system policies"] = []
        ret["miscellaneous policies"] = []

        for policy in self.data.columns:
            if (
                policy.startswith("C")
                and any(map(str.isdigit, policy))
                and policy[-4:] != "Flag"
            ):
                ret["containment and closure policies"].append(policy)

            if (
                policy.startswith("E")
                and any(map(str.isdigit, policy))
                and policy[-4:] != "Flag"
            ):
                ret["economic policies"].append(policy)

            if (
                policy.startswith("H")
                and any(map(str.isdigit, policy))
                and policy[-4:] != "Flag"
            ):
                ret["health system policies"].append(policy)

            if (
                policy.startswith("M")
                and any(map(str.isdigit, policy))
                and policy[-4:] != "Flag"
            ):
                ret["miscellaneous policies"].append(policy)

        return ret


[docs]    def get_change_points(self, policies, country):
        """
            Returns a list of change points, depending on the selected measure and country.

            Parameters
            ----------
            policies : str, array of str
                The wanted policies. Can be an array of strings, use get_possible_policies() to get
                a dict of possible policies.

            country : str
                Filter for country, use get_possible_countries() to get a list of possible ones.

            Returns
            -------
            :array of dicts
        """

        if isinstance(policies, str):
            policies = [policies]

        change_points = []

        # 1. Select by country
        df = self.data[self.data["country"] == country]

        # 2. Select each policy
        for policy in policies:
            df_t = df[policy].dropna(axis=0)

            # 3. Iterate over every date and check if the last value changed
            value_before = 0
            for date, value in df_t.iteritems():
                if value_before != value:
                    log.debug(f"Change point found:\n\t{policy}\n\t{date}")
                    cp_temp = dict(
                        date=date,
                        policy=policy,
                        indicator_before=value_before,
                        indicator_after=value,
                    )
                    change_points.append(cp_temp)
                value_before = value

        return change_points


[docs]    def get_time_data(self, policy, country, data_begin=None, data_end=None):
        """
            Parameters
            ----------
            policy : str
                The wanted policy.
            country : str
                Filter for country, use get_possible_countries() to get a list of possible ones.
            data_begin : datetime.datetime, optional
                intial date for the returned data, if no value is given the first date in the dataset is used,
                if none is given could yield errors
            data_end : datetime.datetime, optional
                last date for the returned data, if no value is given the most recent date in the dataset is used

            Returns
            -------
            :
                Pandas dataframe with policy
        """
        if data_begin is None:
            data_begin = self.__get_first_date()
        if data_end is None:
            data_end = self.__get_last_date()

        # 1. Select by country
        df = self.data[self.data["country"] == country]
        df_t = df[policy].dropna(axis=0)
        index = pd.date_range(data_begin, data_end)
        return df_t.reindex(index)


    def __get_first_date(self):
        return self.data.index.min()

    def __get_last_date(self):
        return self.data.index.max()





          

      

      

    

  

    
      
          
            
  Source code for covid19_inference.data_retrieval._RKI

import pandas as pd
import datetime
import logging
import numpy as np

# Import base class
from .retrieval import Retrieval, get_data_dir, _data_dir_fallback

import urllib, json


log = logging.getLogger(__name__)


[docs]class RKI(Retrieval):
    """
    This class can be used to retrieve and filter the dataset from the Robert Koch Institute `Robert Koch Institute <https://www.rki.de/>`_.
    The data gets retrieved from the `arcgis <https://www.arcgis.com/sharing/rest/content/items/f10774f1c63e40168479a1feb6c7ca74/data>`_  dashboard.

    Features
        - download the full dataset
        - filter by date
        - filter by bundesland
        - filter by recovered, deaths and confirmed cases

    Example
    -------
    .. code-block::

        rki = cov19.data_retrieval.RKI()
        rki.download_all_available_data()

        #Acess the data by
        rki.data
        #or
        rki.get_new("confirmed","Sachsen")
        rki.get_total(filter)
    """

[docs]    def __init__(self, auto_download=False):
        """
        On init of this class the base Retrieval Class __init__ is called, with rki specific
        arguments.

        Parameters
        ----------
        auto_download : bool, optional
            Whether or not to automatically call the download_all_available_data() method.
            One should explicitly call this method for more configuration options
            (default: false)
        """

        # ------------------------------------------------------------------------------ #
        #  Init Retrieval Base Class
        # ------------------------------------------------------------------------------ #
        """
        A name mainly used for the Local Filename
        """
        name = "Rki"

        """
        The url to the main dataset as csv, if none if supplied the fallback routines get used
        """
        url_csv = "https://www.arcgis.com/sharing/rest/content/items/f10774f1c63e40168479a1feb6c7ca74/data"

        """
        Kwargs for pandas read csv
        """
        kwargs = {}  # Surpress warning

        """
        fallback array can be anything a filepath or callable methods
        """
        fallbacks = [
            self.__download_via_rest_api,
            _data_dir_fallback + "/" + name + "_fallback.csv.gz",
        ]
        """
        If the local file is older than the update_interval it gets updated once the
        download all function is called. Can be diffent values depending on the parent class
        """
        update_interval = datetime.timedelta(days=1)

        # Init the retrieval base class
        Retrieval.__init__(self, name, url_csv, fallbacks, update_interval, **kwargs)

        self.data = None

        if auto_download:
            self.download_all_available_data()


[docs]    def download_all_available_data(self, force_local=False, force_download=False):
        """
        Attempts to download from the main url (self.url_csv) which was given on initialization.
        If this fails download from the fallbacks. It can also be specified to use the local files
        or to force the download. The download methods get inhereted from the base retrieval class.

        Parameters
        ----------
        force_local : bool, optional
            If True forces to load the local files.
        force_download : bool, optional
            If True forces the download of new files
        """
        if force_local and force_download:
            raise ValueError("force_local and force_download cant both be True!!")

        # ------------------------------------------------------------------------------ #
        # 1 Download or get local file
        # ------------------------------------------------------------------------------ #
        retrieved_local = False
        if self._timestamp_local_old(force_local) or force_download:
            self._download_helper(**self.kwargs)
        else:
            retrieved_local = self._local_helper()

        # ------------------------------------------------------------------------------ #
        # 2 Save local
        # ------------------------------------------------------------------------------ #
        self._save_to_local() if not retrieved_local else None

        # ------------------------------------------------------------------------------ #
        # 3 Convert to useable format
        # ------------------------------------------------------------------------------ #
        self._to_iso()


    def _to_iso(self):
        df = self.data
        if "Meldedatum" in df.columns:
            df["date"] = df["Meldedatum"].apply(
                lambda x: datetime.datetime.strptime(x, "%Y/%m/%d %H:%M:%S")
            )
            df = df.drop(columns="Meldedatum")
        if "Refdatum" in df.columns:
            df["date_ref"] = df["Refdatum"].apply(
                lambda x: datetime.datetime.strptime(x, "%Y/%m/%d %H:%M:%S")
            )
            df = df.drop(columns="Refdatum")

        # Rename the columns to match the JHU dataset
        if "AnzahlFall" in df.columns:
            df.rename(columns={"AnzahlFall": "confirmed"}, inplace=True)
        if "AnzahlTodesfall" in df.columns:
            df.rename(columns={"AnzahlTodesfall": "deaths"}, inplace=True)
        if "AnzahlGenesen" in df.columns:
            df.rename(columns={"AnzahlGenesen": "recovered"}, inplace=True)

        df["date"] = pd.to_datetime(df["date"])
        df["date_ref"] = pd.to_datetime(df["date_ref"])
        self.data = df

    def __download_via_rest_api(self, try_max=10):
        landkreise_max = 412  # Strangely there are 412 regions defined by the Robert Koch Insitute in contrast to the offical 294 rural districts or the 401 administrative districts.
        url_id = "https://services7.arcgis.com/mOBPykOjAyBO2ZKk/ArcGIS/rest/services/RKI_COVID19/FeatureServer/0/query?where=0%3D0&objectIds=&time=&resultType=none&outFields=idLandkreis&returnIdsOnly=false&returnUniqueIdsOnly=false&returnCountOnly=false&returnDistinctValues=true&cacheHint=false&orderByFields=&groupByFieldsForStatistics=&outStatistics=&having=&resultOffset=&resultRecordCount=&sqlFormat=none&f=pjson&token="

        url = urllib.request.urlopen(url_id)
        json_data = json.loads(url.read().decode())
        n_data = len(json_data["features"])
        unique_ids = [
            json_data["features"][i]["attributes"]["IdLandkreis"] for i in range(n_data)
        ]

        # If the number of landkreise is smaller than landkreise_max, uses local copy (query system can behave weirdly during updates)
        if n_data >= landkreise_max:
            log.info(f"Downloading {n_data} unique Landkreise. May take a while.\n")
            df_keys = [
                "IdBundesland",
                "Bundesland",
                "Landkreis",
                "Altersgruppe",
                "Geschlecht",
                "AnzahlFall",
                "AnzahlTodesfall",
                "ObjectId",
                "IdLandkreis",
                "Datenstand",
                "NeuerFall",
                "NeuerTodesfall",
                "NeuGenesen",
                "AnzahlGenesen",
                "date",
                "date_ref",
            ]

            df = pd.DataFrame(columns=df_keys)

            # Fills DF with data from all landkreise
            for idlandkreis in unique_ids:

                url_str = (
                    "https://services7.arcgis.com/mOBPykOjAyBO2ZKk/ArcGIS/rest/services/RKI_COVID19/FeatureServer/0//query?where=IdLandkreis%3D"
                    + idlandkreis
                    + "&objectIds=&time=&resultType=none&outFields=Bundesland%2C+Landkreis%2C+IdBundesland%2C+ObjectId%2C+IdLandkreis%2C+Altersgruppe%2C+Geschlecht%2C+AnzahlFall%2C+AnzahlTodesfall%2C+Meldedatum%2C+NeuerFall%2C+Refdatum%2C+Datenstand%2C+NeuGenesen%2C+AnzahlGenesen&returnIdsOnly=false&returnUniqueIdsOnly=false&returnCountOnly=false&returnDistinctValues=false&cacheHint=false&orderByFields=&groupByFieldsForStatistics=&outStatistics=&having=&resultOffset=&resultRecordCount=&sqlFormat=none&f=pjson&token="
                )

                count_try = 0

                while count_try < try_max:
                    try:
                        with urllib.request.urlopen(url_str) as url:
                            json_data = json.loads(url.read().decode())

                        n_data = len(json_data["features"])

                        if n_data > 5000:
                            raise ValueError("Query limit exceeded")

                        data_flat = [
                            json_data["features"][i]["attributes"]
                            for i in range(n_data)
                        ]

                        break

                    except:
                        count_try += 1

                if count_try == try_max:
                    raise ValueError("Maximum limit of tries exceeded.")

                df_temp = pd.DataFrame(data_flat)

                # Very inneficient, but it will do
                df = pd.concat([df, df_temp], ignore_index=True)

            df["date"] = df["Meldedatum"].apply(
                lambda x: datetime.datetime.fromtimestamp(x / 1e3)
            )
            df["date_ref"] = df["Refdatum"].apply(
                lambda x: datetime.datetime.fromtimestamp(x / 1e3)
            )
            df = df.drop(columns="Meldedatum")
            df = df.drop(columns="Refdatum")

        else:
            raise RuntimeError("Invalid response from REST api")

        return df

[docs]    def get_total(
        self,
        value="confirmed",
        bundesland: str = None,
        landkreis: str = None,
        data_begin: datetime.datetime = None,
        data_end: datetime.datetime = None,
        date_type: str = "date",
        age_group=None,
    ):
        """
        Gets all total confirmed cases for a region as dataframe with date index. Can be filtered with multiple arguments.

        Parameters
        ----------
        value: str
            Which data to return, possible values are
            - "confirmed",
            - "recovered",
            - "deaths"
            (default: "confirmed")
        bundesland : str, optional
            if no value is provided it will use the full summed up dataset for Germany
        landkreis : str, optional
            if no value is provided it will use the full summed up dataset for the region (bundesland)
        data_begin : datetime.datetime, optional
            initial date, if no value is provided it will use the first possible date
        data_end : datetime.datetime, optional
            last date, if no value is provided it will use the most recent possible date
        date_type : str, optional
            type of date to use: reported date 'date' (Meldedatum in the original dataset), or symptom date 'date_ref' (Refdatum in the original dataset)
        age_group : str, optional
            Choosen age group. To get the possible combinations use `possible_age_groups()`.
        Returns
        -------
        :pandas.DataFrame
        """

        # ------------------------------------------------------------------------------ #
        # Default parameters
        # ------------------------------------------------------------------------------ #
        if value not in ["confirmed", "recovered", "deaths"]:
            raise ValueError(
                'Invalid value. Valid options: "confirmed", "deaths", "recovered"'
            )

        if self.data is None:
            self.download_all_available_data()

        # Note: It should be fine to NOT check for the date since this is also done by the filter_date method

        # Set level for filter use bundesland if no landkreis is supplied else use landkreis
        level = None
        filter_value = None
        if bundesland is not None and landkreis is None:
            level = "Bundesland"
            filter_value = bundesland
        elif bundesland is None and landkreis is not None:
            level = "Landkreis"
            filter_value = landkreis
        elif bundesland is not None and landkreis is not None:
            raise ValueError("bundesland and landkreis cannot be simultaneously set.")

        # ------------------------------------------------------------------------------ #
        # Retrieve data and filter it
        # ------------------------------------------------------------------------------ #
        df = self.filter(
            data_begin, data_end, value, date_type, level, filter_value, age_group
        )
        return df


[docs]    def get_new(
        self,
        value="confirmed",
        bundesland: str = None,
        landkreis: str = None,
        data_begin: datetime.datetime = None,
        data_end: datetime.datetime = None,
        date_type: str = "date",
        age_group=None,
    ):
        """
        Retrieves all new cases from the Robert Koch Institute dataset as a DataFrame with datetime index.
        Can be filtered by value, bundesland and landkreis, if only a country is given all available states get summed up.

        Parameters
        ----------
        value: str
            Which data to return, possible values are
            - "confirmed",
            - "recovered",
            - "deaths"
            (default: "confirmed")
        bundesland : str, optional
            if no value is provided it will use the full summed up dataset for Germany
        landkreis : str, optional
            if no value is provided it will use the full summed up dataset for the region (bundesland)
        data_begin : datetime.datetime, optional
            intial date for the returned data, if no value is given the first date in the dataset is used,
            if none is given could yield errors
        data_end : datetime.datetime, optional
            last date for the returned data, if no value is given the most recent date in the dataset is used
        age_group : str, optional
            Choosen age group. To get the possible combinations use `possible_age_groups()`.
        Returns
        -------
        : pandas.DataFrame
            table with daily new confirmed and the date as index
        """

        # ------------------------------------------------------------------------------ #
        # Default parameters
        # ------------------------------------------------------------------------------ #

        if value not in ["confirmed", "recovered", "deaths"]:
            raise ValueError(
                'Invalid value. Valid options: "confirmed", "deaths", "recovered"'
            )

        if self.data is None:
            self.download_all_available_data()

        level = None
        filter_value = None
        if bundesland is not None and landkreis is None:
            level = "Bundesland"
            filter_value = bundesland
        elif bundesland is None and landkreis is not None:
            level = "Landkreis"
            filter_value = landkreis
        elif bundesland is not None and landkreis is not None:
            raise ValueError("bundesland and landkreis cannot be simultaneously set.")

        if data_begin is None:
            data_begin = self.data[date_type].iloc[0]
        if data_end is None:
            data_end = self.data[date_type].iloc[-1]

        if data_begin == self.data[date_type].iloc[0]:
            raise ValueError(
                "Date has to be after the first dataset entry. Set a data_begin date!"
            )

        # ------------------------------------------------------------------------------ #
        # Retrieve data and filter it
        # ------------------------------------------------------------------------------ #

        df = self.filter(
            data_begin - datetime.timedelta(days=1),
            data_end,
            value,
            date_type,
            level,
            filter_value,
            age_group,
        )
        # Get difference to the days beforehand
        df = (
            df.diff().drop(df.index[0]).astype(int)
        )  # Neat oneliner to also drop the first row and set the type back to int
        return df.fillna(0)


[docs]    def filter(
        self,
        data_begin: datetime.datetime = None,
        data_end: datetime.datetime = None,
        variable="confirmed",
        date_type="date",
        level=None,
        value=None,
        age_group=None,
    ):
        """
        Filters the obtained dataset for a given time period and returns an array ONLY containing only the desired variable.

        Parameters
        ----------
        data_begin : datetime.datetime, optional
            initial date, if no value is provided it will use the first possible date
        data_end : datetime.datetime, optional
            last date, if no value is provided it will use the most recent possible date
        variable : str, optional
            type of variable to return
            possible types are:
            "confirmed"      : cases (default)
            "AnzahlTodesfall" : deaths
            "AnzahlGenesen"   : recovered
        date_type : str, optional
            type of date to use: reported date 'date' (Meldedatum in the original dataset), or symptom date 'date_ref' (Refdatum in the original dataset)
        level : str, optional
            possible strings are:
                "None"       : return data from all Germany (default)
                "Bundesland" : a state
                "Landkreis"  : a region
        value : str, optional
            string of the state/region
            e.g. "Sachsen"
        age_group : str, optional
            Choosen age group. To get the possible combinations use `possible_age_groups()`.
        Returns
        -------
        : pd.DataFrame
            array with ONLY the requested variable, in the requested range. (one dimensional)
        """
        # Input parsing
        if variable not in ["confirmed", "deaths", "recovered"]:
            raise ValueError(
                'Invalid variable. Valid options: "confirmed", "deaths", "recovered"'
            )

        if level not in ["Landkreis", "Bundesland", None]:
            raise ValueError(
                'Invalid level. Valid options: "Landkreis", "Bundesland", None'
            )

        if date_type not in ["date", "date_ref"]:
            raise ValueError('Invalid date_type. Valid options: "date", "date_ref"')

        df = self.data.sort_values(date_type)
        if data_begin is None:
            data_begin = df[date_type].iloc[0]
        if data_end is None:
            data_end = df[date_type].iloc[-1]
        if not isinstance(data_begin, datetime.datetime) and isinstance(
            data_end, datetime.datetime
        ):
            raise ValueError(
                "Invalid data_begin, data_end: has to be datetime.datetime object"
            )

        if age_group is None:
            df = self.data
        elif age_group in self.possible_age_groups():
            df = self.data.loc[self.data["Altersgruppe"].isin([age_group])]
        else:
            raise ValueError(
                f"Age group not possible use one of {self.possible_age_groups()}"
            )

        # If one uses Refdatum, only use data if isterkrakungsbeginn == 1

        if date_type == "date_ref":
            df = df.loc[df["IstErkrankungsbeginn"] == 1]

        if level is not None:
            df = df[df[level] == value][[date_type, variable]]

        df_series = df.groupby(date_type)[variable].sum().cumsum()
        df_series.index = pd.to_datetime(df_series.index)

        return df_series[data_begin:data_end].fillna(0)


[docs]    def filter_all_bundesland(
        self,
        begin_date: datetime.datetime = None,
        end_date: datetime.datetime = None,
        variable="confirmed",
        date_type="date",
    ):
        """
        Filters the full RKI dataset

        Parameters
        ----------
        df : DataFrame
            RKI dataframe, from get_rki()
        begin_date : datetime.datetime
            initial date to return
        end_date : datetime.datetime
            last date to return
        variable : str, optional
            type of variable to return: cases ("AnzahlFall"), deaths ("AnzahlTodesfall"), recovered ("AnzahlGenesen")
        date_type : str, optional
            type of date to use: reported date 'date' (Meldedatum in the original dataset), or symptom date 'date_ref' (Refdatum in the original dataset)

        Returns
        -------
        : pd.DataFrame
            DataFrame with datetime dates as index, and all German regions (bundesländer) as columns
        """
        if variable not in ["confirmed", "deaths", "recovered"]:
            raise ValueError(
                'Invalid variable. Valid options: "confirmed", "deaths", "recovered"'
            )

        if date_type not in ["date", "date_ref"]:
            raise ValueError('Invalid date_type. Valid options: "date", "date_ref"')

        if begin_date is None:
            begin_date = self.data[date_type].iloc[0]
        if end_date is None:
            end_date = self.data[date_type].iloc[-1]

        if not isinstance(begin_date, datetime.datetime) and isinstance(
            end_date, datetime.datetime
        ):
            raise ValueError(
                "Invalid begin_date, end_date: has to be datetime.datetime object"
            )

        # Nifty, if slightly unreadable one-liner
        df = self.data
        df2 = (
            df.groupby([date_type, "Bundesland"])[variable]
            .sum()
            .reset_index()
            .pivot(index=date_type, columns="Bundesland", values=variable)
            .fillna(0)
        )
        df2.index = pd.to_datetime(df2.index)
        # Returns cumsum of variable
        return df2[begin_date:end_date].cumsum()


[docs]    def possible_age_groups(self):
        """
        Returns the valid age groups in the dataset.
        """
        return self.data["Altersgruppe"].unique()






          

      

      

    

  

    
      
          
            
  Source code for covid19_inference.data_retrieval._RKI_situation_reports

import datetime
import pandas as pd
import logging

# Import base class
from .retrieval import Retrieval

log = logging.getLogger(__name__)


[docs]class RKIsituationreports(Retrieval):
    """
    As mentioned by Matthias Linden, the daily situation reports have more available data.
    This class retrieves this additional data from Matthias website and parses it into the format we use i.e. a datetime index.

    Interesting new data is for example ICU cases, deaths and recorded symptoms. For now one can look at the data by running

    Example
    -------
    .. code-block::

        rki_si_re = cov19.data_retrieval.RKIsituationreports(True)
        print(rki_si_re.data)

    ToDo
    -----
    Filter functions for ICU, Symptoms and maybe even daily new cases for the respective categories.

    """

[docs]    def __init__(self, auto_download=False):
        """
        On init of this class the base Retrieval Class __init__ is called, with rki situation reports specific
        arguments.

        Parameters
        ----------
        auto_download : bool, optional
            Whether or not to automatically call the download_all_available_data() method.
            One should explicitly call this method for more configuration options
            (default: false)
        """

        # ------------------------------------------------------------------------------ #
        #  Init Retrieval Base Class
        # ------------------------------------------------------------------------------ #
        """
        A name mainly used for the Local Filename
        """
        name = "Rki_sit_rep"

        """
        The url to the main dataset as csv, if none if supplied the fallback routines get used
        """
        url_csv = "http://mlinden.de/COVID19/data/latest_report.csv"

        """
        Kwargs for pandas read csv
        """
        kwargs = {"sep": ";"}

        """
        If the local file is older than the update_interval it gets updated once the
        download all function is called. Can be diffent values depending on the parent class
        """
        update_interval = datetime.timedelta(days=1)

        # Init the retrieval base class
        Retrieval.__init__(self, name, url_csv, [], update_interval, **kwargs)

        if auto_download:
            self.download_all_available_data()


[docs]    def download_all_available_data(self, force_local=False, force_download=False):
        """
        Attempts to download from the main url (self.url_csv) which was given on initialization.
        If this fails download from the fallbacks. It can also be specified to use the local files
        or to force the download. The download methods get inhereted from the base retrieval class.

        Parameters
        ----------
        force_local : bool, optional
            If True forces to load the local files.
        force_download : bool, optional
            If True forces the download of new files
        """
        if force_local and force_download:
            raise ValueError("force_local and force_download cant both be True!!")

        # ------------------------------------------------------------------------------ #
        # 1 Download or get local file
        # ------------------------------------------------------------------------------ #
        retrieved_local = False
        if self._timestamp_local_old(force_local) or force_download:
            self._download_helper(**self.kwargs)
        else:
            retrieved_local = self._local_helper()

        # ------------------------------------------------------------------------------ #
        # 2 Save local
        # ------------------------------------------------------------------------------ #
        self._save_to_local() if not retrieved_local else None

        # ------------------------------------------------------------------------------ #
        # 3 Convert to useable format
        # ------------------------------------------------------------------------------ #
        self._to_iso()


    def _to_iso(self):
        try:
            df = self.data
            if "Unnamed: 0" in df.columns:
                df["date"] = pd.to_datetime(df["Unnamed: 0"])
                df = df.drop(columns="Unnamed: 0")
            df = df.set_index(["date"])
            self.data = df
            return True
        except Exception as e:
            log.warning(f"There was an error formating the data! {e}")
            raise e
        return False





          

      

      

    

  

    
      
          
            
  Source code for covid19_inference.data_retrieval.retrieval

import datetime
import os
import logging
import tempfile
import platform
import stat
import pickle

import numpy as np
import pandas as pd

import urllib, json

log = logging.getLogger(__name__)


# set by user, or default temp
_data_dir = None
# provided with the module
_data_dir_fallback = os.path.normpath(os.path.dirname(__file__) + "/../../data/")

_format_date = lambda date_py: "{}/{}/{}".format(
    date_py.month, date_py.day, str(date_py.year)[2:4]
)


[docs]def set_data_dir(fname=None, permissions=None):
    """
        Set the global variable _data_dir. New downloaded data is placed there.
        If no argument provided we try the default tmp directory.
        If permissions are not provided, uses defaults if fname is in user folder.
        If not in user folder, tries to set 777.
    """

    target = "/tmp" if platform.system() == "Darwin" else tempfile.gettempdir()

    if fname is None:
        fname = f"{target}/covid19_data"
    else:
        try:
            fname = os.path.abspath(os.path.expanduser(fname))
        except Exception as e:
            log.debug("Specified file name caused an exception, using default")
            fname = f"{target}/covid19_data"

    log.debug(f"Setting global target directory to {fname}")
    fname += "/"
    os.makedirs(fname, exist_ok=True)

    try:
        log.debug(
            f"Trying to set permissions of {fname} "
            + f"({oct(os.stat(fname)[stat.ST_MODE])[-3:]}) "
            + f"to {'defaults' if permissions is None else str(permissions)}"
        )
        dirusr = os.path.abspath(os.path.expanduser("~"))
        if permissions is None:
            if not fname.startswith(dirusr):
                os.chmod(fname, 0o777)
        else:
            os.chmod(fname, int(str(permissions), 8))
    except Exception as e:
        log.debug(f"Unable set permissions of {fname}")

    global _data_dir
    _data_dir = fname
    log.debug(f"Target directory set to {_data_dir}")
    log.debug(f"{fname} (now) has permissions {oct(os.stat(fname)[stat.ST_MODE])[-3:]}")



def get_data_dir():
    if _data_dir is None or not os.path.exists(_data_dir):
        set_data_dir()
    return _data_dir


def iso_3166_add_alternative_name_to_iso_list(
    country_in_iso_3166: str, alternative_name: str
):
    this_dir = get_data_dir()
    try:
        data = json.load(open(this_dir + "/iso_countries.json", "r"))
    except Exception as e:
        data = json.load(open(_data_dir_fallback + "/iso_countries.json", "r"))

    try:
        data[country_in_iso_3166].append(alternative_name)
        log.info("Added alternative '{alternative_name}' to {country_in_iso_3166}.")
    except Exception as e:
        raise e

    json.dump(
        data,
        open(this_dir + "/iso_countries.json", "w", encoding="utf-8"),
        ensure_ascii=False,
        indent=4,
    )


def iso_3166_convert_to_iso(country_column_df):
    country_column_df = country_column_df.apply(
        lambda x: x
        if iso_3166_country_in_iso_format(x)
        else iso_3166_get_country_name_from_alternative(x)
    )
    return country_column_df


def iso_3166_get_country_name_from_alternative(alternative_name: str) -> str:
    this_dir = get_data_dir()
    try:
        data = json.load(open(this_dir + "/iso_countries.json", "r"))
    except Exception as e:
        data = json.load(open(_data_dir_fallback + "/iso_countries.json", "r"))

    for country, alternatives in data.items():
        for alt in alternatives:
            if alt == alternative_name:
                return country
    log.debug(
        f"Alternative_name '{str(alternative_name)}' not found in iso convertion list!"
    )
    return alternative_name


def iso_3166_country_in_iso_format(country: str) -> bool:
    this_dir = get_data_dir()
    try:
        data = json.load(open(this_dir + "/iso_countries.json", "r"))
    except Exception as e:
        data = json.load(open(_data_dir_fallback + "/iso_countries.json", "r"))
    if country in data:
        return True
    return False


[docs]def backup_instances(
    trace=None, model=None, fname="latest_",
):
    """
        helper to save or load trace and model instances.
        loads from `fname` if provided traces and model variables are None,
        else saves them there.
    """

    try:
        if trace is None and model is None:
            with open(f"{get_data_dir()}{fname}_model.pickle", "rb") as handle:
                model = pickle.load(handle)
            with open(f"{get_data_dir()}{fname}_trace.pickle", "rb") as handle:
                trace = pickle.load(handle)
        else:
            with open(f"{get_data_dir()}{fname}_model.pickle", "wb") as handle:
                pickle.dump(model, handle, protocol=pickle.HIGHEST_PROTOCOL)
            with open(f"{get_data_dir()}{fname}_trace.pickle", "wb") as handle:
                pickle.dump(trace, handle, protocol=pickle.HIGHEST_PROTOCOL)
    except Exception as e:
        log.info(f"Failed to backup instances of model and trace: {e}")
        trace = None
        model = None

    return model, trace



[docs]class Retrieval:
    """
        Each source class should inherit this base retrieval class, it streamlines alot
        of base functions. It manages downloads, multiple fallbacks and local backups
        via timestamp. At init of the parent class the Retrieval init should be called
        with the following arguments, these get saved as attributes.

        An example for the usage can be seen in the _Google, _RKI and _JHU source files.
    """

    url_csv = ""

    fallbacks = []

    name = ""

    update_interval = datetime.timedelta(days=1)

[docs]    def __init__(self, name, url_csv, fallbacks, update_interval=None, **kwargs):
        """
        Parameters
        ----------
        name : str
            A name for the Parent class, mainly used for the local file backup.
        url_csv : str
            The url to the main dataset as csv, if an empty string if supplied the fallback routines get used.
        fallbacks : array
            Fallbacks can be filepaths to local or online sources
            or even methods defined in the parent class.
        update_interval : datetime.timedelta
            If the local file is older than the update_interval it gets updated once the
            download all function is called.
        """
        self.name = name
        self.url_csv = url_csv
        self.fallbacks = fallbacks
        self.kwargs = kwargs

        if update_interval is not None:
            self.update_interval = update_interval


[docs]    def _download_csv_from_source(self, filepath, **kwargs):
        """
        Uses pandas read csv to download the csv file.
        The possible kwargs can be seen in the pandas `documentation <https://pandas.pydata.org/docs/reference/api/pandas.read_csv.html#pandas.read_csv>`_.

        These kwargs can vary for the different parent classes and should be defined there!

        Parameter
        ---------
        filepath : str
            Full path to the desired csv file

        Return
        ------
        :bool
            True if the retrieval was a success, False if it failed
        """
        self.data = pd.read_csv(filepath, low_memory=False, **kwargs)
        return True


[docs]    def _fallback_handler(self):
        """
        Recursivly iterate over all fallbacks and try to execute subroutines depending on the
        type of fallback.
        """

        def execute_fallback(fallback, i):
            """Helper function to execute the subroutines depending on the type"""
            # Break condition
            success = False
            try:
                # Try to execute the fallback
                if callable(fallback):
                    success = fallback()
                # If it is not executable we try to download from the source
                elif isinstance(fallback, str):
                    success = self._download_csv_from_source(fallback, **self.kwargs)
                else:
                    log.info(
                        f"That is weird fallback is not of type string nor a callable function {type(fallback)}"
                    )
                    raise Exception(
                        f"Fallback type not supported (yet?) {type(fallback)}"
                    )
            except Exception as e:
                log.info(f"Fallback {i} failed! {fallback}:{e}")

            # ---------------------------------------------------------------#
            # Break conditions
            # ---------------------------------------------------------------#
            if success:
                log.debug(f"Fallback {i} successful! {fallback}")
                return True
            if len(self.fallbacks) == i + 1:
                log.warning(f"ALL fallbacks failed! This should not happen!")
                return False

            # ---------------------------------------------------------------#
            # Continue Recursion
            # ---------------------------------------------------------------#
            execute_fallback(self.fallbacks[i + 1], i + 1)

        # Start Recursion
        success = execute_fallback(self.fallbacks[0], 0)
        return success


[docs]    def _timestamp_local_old(self, force_local=False) -> bool:
        """
        1. Get timestamp if it exists
        2. compare with the date today
        3. update if data is older than set intervall -> can be parent dependant
        """
        if not os.path.isfile(get_data_dir() + self.name + "_timestamp.json"):
            return True

        if force_local:
            return False

        timestamp = json.load(open(get_data_dir() + self.name + "_timestamp.json", "r"))
        timestamp = datetime.datetime.strptime(timestamp, "%m/%d/%Y, %H:%M:%S")

        if (datetime.datetime.now() - timestamp) > self.update_interval:
            log.debug("Timestamp old. Trying to download new files")
            return True

        return False


    def _download_helper(self, **kwargs):
        # First we check if the date of the online file is newer and if we have to download a new file
        # this is done by a function which can be seen above
        try:
            # Try to download from original souce
            self._download_csv_from_source(self.url_csv, **kwargs)
        except Exception as e:
            # Try all fallbacks
            log.info(f"Failed to download from url {self.url_csv} : {e}")
            self._fallback_handler()
        finally:
            # We save it to the local files
            # self.data._save_to_local()
            log.info(
                f"Successfully downloaded {self.name + '.csv.gz'} to {get_data_dir()}."
            )

    def _local_helper(self):
        # If we can use a local file we construct the path from the given local name
        try:
            self._download_csv_from_source(
                get_data_dir() + self.name + ".csv.gz", **self.kwargs
            )
            log.info(
                f"Successfully loaded {self.name + '.csv.gz'} from {get_data_dir()}, skipping download."
            )
            return True
        except Exception as e:
            log.info(f"Failed to load local files! {e} Trying fallbacks!")
            self._download_helper(**self.kwargs)
        return False

[docs]    def _save_to_local(self):
        """
        Creates a local backup for the self.data pandas.DataFrame. And a timestamp for the source.
        """

        filepath = get_data_dir() + self.name + ".csv.gz"
        try:
            self.data.to_csv(filepath, compression="infer", index=False, **self.kwargs)
            self._create_timestamp()
            log.info(f"Local backup to {filepath} successful.")
            return True
        except Exception as e:
            log.warning(f"Could not create local backup {e}")
            raise e
        return False


    def _create_timestamp(self):
        try:
            timestamp = datetime.datetime.now().strftime("%m/%d/%Y, %H:%M:%S")
            json.dump(
                timestamp,
                open(
                    get_data_dir() + self.name + "_timestamp.json",
                    "w",
                    encoding="utf-8",
                ),
                ensure_ascii=False,
                indent=4,
            )
        except Exception as e:
            raise e





          

      

      

    

  

    
      
          
            
  Source code for covid19_inference.model.compartmental_models

# ------------------------------------------------------------------------------ #
# Implementations of the SIR and SEIR-like models
# ------------------------------------------------------------------------------ #

import logging

import theano
import theano.tensor as tt
import numpy as np
import pymc3 as pm

from .model import *
from . import utility as ut

log = logging.getLogger(__name__)


[docs]def SIR(
    lambda_t_log,
    mu,
    name_new_I_t="new_I_t",
    name_I_begin="I_begin",
    name_I_t="I_t",
    name_S_t="S_t",
    pr_I_begin=100,
    model=None,
    return_all=False,
):
    r"""
    Implements the susceptible-infected-recovered model.

    Parameters
    ----------
    lambda_t_log : :class:`~theano.tensor.TensorVariable`
        time series of the logarithm of the spreading rate, 1 or 2-dimensional. If 2-dimensional the first
        dimension is time.
    mu : :class:`~theano.tensor.TensorVariable`
        the recovery rate :math:`\mu`, typically a random variable. Can be 0 or 1-dimensional. If 1-dimensional,
        the dimension are the different regions.
    name_new_I_t : str, optional
        Name of the ``new_I_t`` variable
    name_I_begin : str, optional
        Name of the ``I_begin`` variable
    name_I_t : str, optional
        Name of the ``I_t`` variable, set to None to avoid adding as trace variable.
    name_S_t : str, optional
        Name of the ``S_t`` variable, set to None to avoid adding as trace variable.
    pr_I_begin : float or array_like or :class:`~theano.tensor.Variable`
        Prior beta of the Half-Cauchy distribution of :math:`I(0)`.
        if type is ``tt.Constant``, I_begin will not be inferred by pymc3
    model : :class:`Cov19Model`
        if none, it is retrieved from the context
    return_all : bool
        if True, returns ``name_new_I_t``, ``name_I_t``, ``name_S_t`` otherwise returns only ``name_new_I_t``

    Returns
    ------------------
    new_I_t : :class:`~theano.tensor.TensorVariable`
        time series of the number daily newly infected persons.
    I_t : :class:`~theano.tensor.TensorVariable`
        time series of the infected (if return_all set to True)
    S_t : :class:`~theano.tensor.TensorVariable`
        time series of the susceptible (if return_all set to True)

    """
    log.info("SIR")
    model = modelcontext(model)

    # Total number of people in population
    N = model.N_population

    # Prior distributions of starting populations (infectious, susceptibles)
    if isinstance(pr_I_begin, tt.Variable):
        I_begin = pr_I_begin
    else:
        I_begin = pm.HalfCauchy(
            name=name_I_begin, beta=pr_I_begin, shape=model.shape_of_regions
        )

    S_begin = N - I_begin

    lambda_t = tt.exp(lambda_t_log)
    new_I_0 = tt.zeros_like(I_begin)

    # Runs SIR model:
    def next_day(lambda_t, S_t, I_t, _, mu, N):
        new_I_t = lambda_t / N * I_t * S_t
        S_t = S_t - new_I_t
        I_t = I_t + new_I_t - mu * I_t
        I_t = tt.clip(I_t, -1, N)  # for stability
        S_t = tt.clip(S_t, 0, N)
        return S_t, I_t, new_I_t

    # theano scan returns two tuples, first one containing a time series of
    # what we give in outputs_info : S, I, new_I
    outputs, _ = theano.scan(
        fn=next_day,
        sequences=[lambda_t],
        outputs_info=[S_begin, I_begin, new_I_0],
        non_sequences=[mu, N],
    )
    S_t, I_t, new_I_t = outputs
    pm.Deterministic(name_new_I_t, new_I_t)
    if name_S_t is not None:
        pm.Deterministic(name_S_t, S_t)
    if name_I_t is not None:
        pm.Deterministic(name_I_t, I_t)

    if return_all:
        return new_I_t, I_t, S_t
    else:
        return new_I_t



[docs]def SEIR(
    lambda_t_log,
    mu,
    name_new_I_t="new_I_t",
    name_new_E_t="new_E_t",
    name_I_t="I_t",
    name_S_t="S_t",
    name_I_begin="I_begin",
    name_new_E_begin="new_E_begin",
    name_median_incubation="median_incubation",
    pr_I_begin=100,
    pr_new_E_begin=50,
    pr_median_mu=1 / 8,
    pr_mean_median_incubation=4,
    pr_sigma_median_incubation=1,
    sigma_incubation=0.4,
    pr_sigma_mu=0.2,
    model=None,
    return_all=False,
):
    r"""
    Implements a model similar to the susceptible-exposed-infected-recovered model.
    Instead of a exponential decaying incubation period, the length of the period is
    lognormal distributed.

    Parameters
    ----------
    lambda_t_log : :class:`~theano.tensor.TensorVariable`
        time series of the logarithm of the spreading rate, 1 or 2-dimensional. If 2-dimensional, the first
        dimension is time.

    mu : :class:`~theano.tensor.TensorVariable`
        the recovery rate :math:`\mu`, typically a random variable. Can be 0 or
        1-dimensional. If 1-dimensional, the dimension are the different regions.

    name_new_I_t : str, optional
        Name of the ``new_I_t`` variable

    name_I_t : str, optional
        Name of the ``I_t`` variable

    name_S_t : str, optional
        Name of the ``S_t`` variable

    name_I_begin : str, optional
        Name of the ``I_begin`` variable

    name_new_E_begin : str, optional
        Name of the ``new_E_begin`` variable

    name_median_incubation : str
        The name under which the median incubation time is saved in the trace

    pr_I_begin : float or array_like
        Prior beta of the :class:`~pymc3.distributions.continuous.HalfCauchy`
        distribution of :math:`I(0)`.
        if type is ``tt.Variable``, ``I_begin`` will be set to the provided prior as
        a constant.

    pr_new_E_begin : float or array_like
        Prior beta of the :class:`~pymc3.distributions.continuous.HalfCauchy`
        distribution of :math:`E(0)`.

    pr_median_mu : float or array_like
        Prior for the median of the
        :class:`~pymc3.distributions.continuous.Lognormal` distribution of the
        recovery rate :math:`\mu`.

    pr_mean_median_incubation :
        Prior mean of the :class:`~pymc3.distributions.continuous.Normal`
        distribution of the median incubation delay  :math:`d_{\text{incubation}}`.
        Defaults to 4 days [Nishiura2020]_, which is the median serial interval (the
        important measure here is not exactly the incubation period, but the delay
        until a person becomes infectious which seems to be about 1 day earlier as
        showing symptoms).

    pr_sigma_median_incubation : number or None
        Prior sigma of the :class:`~pymc3.distributions.continuous.Normal`
        distribution of the median incubation delay  :math:`d_{\text{incubation}}`.
        If None, the incubation time will be fixed to the value of
        ``pr_mean_median_incubation`` instead of a random variable
        Default is 1 day.

    sigma_incubation :
        Scale parameter of the :class:`~pymc3.distributions.continuous.Lognormal`
        distribution of the incubation time/ delay until infectiousness. The default
        is set to 0.4, which is about the scale found in [Nishiura2020]_,
        [Lauer2020]_.

    pr_sigma_mu : float or array_like
        Prior for the sigma of the lognormal distribution of recovery rate
        :math:`\mu`.

    model : :class:`Cov19Model`
        if none, it is retrieved from the context

    return_all : bool
        if True, returns ``name_new_I_t``, ``name_new_E_t``,  ``name_I_t``,
        ``name_S_t`` otherwise returns only ``name_new_I_t``

    Returns
    -------
    name_new_I_t : :class:`~theano.tensor.TensorVariable`
        time series of the number daily newly infected persons.

    name_new_E_t : :class:`~theano.tensor.TensorVariable`
        time series of the number daily newly exposed persons. (if return_all set to
        True)

    name_I_t : :class:`~theano.tensor.TensorVariable`
        time series of the infected (if return_all set to True)

    name_S_t : :class:`~theano.tensor.TensorVariable`
        time series of the susceptible (if return_all set to True)

    """
    log.info("SEIR")
    model = modelcontext(model)

    # Build prior distrubutions:
    # --------------------------

    # Total number of people in population
    N = model.N_population

    # Prior distributions of starting populations (exposed, infectious, susceptibles)
    # We choose to consider the transitions of newly exposed people of the last 10 days.
    if isinstance(pr_new_E_begin, tt.Variable):
        new_E_begin = pr_new_E_begin
    else:
        if not model.is_hierarchical:
            new_E_begin = pm.HalfCauchy(
                name=name_new_E_begin, beta=pr_new_E_begin, shape=11
            )
        else:
            new_E_begin = pm.HalfCauchy(
                name=name_new_E_begin,
                beta=pr_new_E_begin,
                shape=(11, model.shape_of_regions),
            )

    # Prior distributions of starting populations (infectious, susceptibles)
    if isinstance(pr_I_begin, tt.Variable):
        I_begin = pr_I_begin
    else:
        I_begin = pm.HalfCauchy(
            name=name_I_begin, beta=pr_I_begin, shape=model.shape_of_regions
        )

    S_begin = N - I_begin - pm.math.sum(new_E_begin, axis=0)

    lambda_t = tt.exp(lambda_t_log)
    new_I_0 = tt.zeros_like(I_begin)

    if pr_sigma_median_incubation is None:
        median_incubation = pr_mean_median_incubation
    else:
        median_incubation = pm.Normal(
            name_median_incubation,
            mu=pr_mean_median_incubation,
            sigma=pr_sigma_median_incubation,
        )

    # Choose transition rates (E to I) according to incubation period distribution
    if not model.is_hierarchical:
        x = np.arange(1, 11)
    else:
        x = np.arange(1, 11)[:, None]

    beta = ut.tt_lognormal(x, tt.log(median_incubation), sigma_incubation)

    # Runs SEIR model:
    def next_day(
        lambda_t,
        S_t,
        nE1,
        nE2,
        nE3,
        nE4,
        nE5,
        nE6,
        nE7,
        nE8,
        nE9,
        nE10,
        I_t,
        _,
        mu,
        beta,
        N,
    ):
        new_E_t = lambda_t / N * I_t * S_t
        S_t = S_t - new_E_t
        new_I_t = (
            beta[0] * nE1
            + beta[1] * nE2
            + beta[2] * nE3
            + beta[3] * nE4
            + beta[4] * nE5
            + beta[5] * nE6
            + beta[6] * nE7
            + beta[7] * nE8
            + beta[8] * nE9
            + beta[9] * nE10
        )
        I_t = I_t + new_I_t - mu * I_t
        I_t = tt.clip(I_t, -1, N - 1)  # for stability
        S_t = tt.clip(S_t, -1, N)
        return S_t, new_E_t, I_t, new_I_t

    # theano scan returns two tuples, first one containing a time series of
    # what we give in outputs_info : S, E's, I, new_I
    outputs, _ = theano.scan(
        fn=next_day,
        sequences=[lambda_t],
        outputs_info=[
            S_begin,
            dict(initial=new_E_begin, taps=[-1, -2, -3, -4, -5, -6, -7, -8, -9, -10]),
            I_begin,
            new_I_0,
        ],
        non_sequences=[mu, beta, N],
    )
    S_t, new_E_t, I_t, new_I_t = outputs
    pm.Deterministic(name_new_I_t, new_I_t)

    if name_S_t is not None:
        pm.Deterministic(name_S_t, S_t)
    if name_I_t is not None:
        pm.Deterministic(name_I_t, I_t)
    if name_new_E_t is not None:
        pm.Deterministic(name_new_E_t, new_E_t)

    if return_all:
        return new_I_t, new_E_t, I_t, S_t
    else:
        return new_I_t



def kernelized_spread(
    lambda_t_log,
    name_new_I_t="new_I_t",
    name_new_E_t="new_E_t",
    name_S_t="S_t",
    name_new_E_begin="new_E_begin",
    name_median_incubation="median_incubation",
    pr_new_E_begin=50,
    pr_median_mu=1 / 8,
    pr_mean_median_incubation=4,
    pr_sigma_median_incubation=1,
    sigma_incubation=0.4,
    pr_sigma_mu=0.2,
    model=None,
    return_all=False,
):
    r"""
    Implements a model similar to the susceptible-exposed-infected-recovered model.
    Instead of a exponential decaying incubation period, the length of the period is
    lognormal distributed.

    Parameters
    ----------
    lambda_t_log : :class:`~theano.tensor.TensorVariable`
        time series of the logarithm of the spreading rate, 1 or 2-dimensional. If 2-dimensional, the first
        dimension is time.

    mu : :class:`~theano.tensor.TensorVariable`
        the recovery rate :math:`\mu`, typically a random variable. Can be 0 or
        1-dimensional. If 1-dimensional, the dimension are the different regions.

    name_new_I_t : str, optional
        Name of the ``new_I_t`` variable

    name_S_t : str, optional
        Name of the ``S_t`` variable

    name_new_E_begin : str, optional
        Name of the ``new_E_begin`` variable

    name_median_incubation : str
        The name under which the median incubation time is saved in the trace

    pr_I_begin : float or array_like
        Prior beta of the :class:`~pymc3.distributions.continuous.HalfCauchy`
        distribution of :math:`I(0)`.
        if type is ``tt.Variable``, ``I_begin`` will be set to the provided prior as
        a constant.

    pr_new_E_begin : float or array_like
        Prior beta of the :class:`~pymc3.distributions.continuous.HalfCauchy`
        distribution of :math:`E(0)`.

    pr_median_mu : float or array_like
        Prior for the median of the
        :class:`~pymc3.distributions.continuous.Lognormal` distribution of the
        recovery rate :math:`\mu`.

    pr_mean_median_incubation :
        Prior mean of the :class:`~pymc3.distributions.continuous.Normal`
        distribution of the median incubation delay  :math:`d_{\text{incubation}}`.
        Defaults to 4 days [Nishiura2020]_, which is the median serial interval (the
        important measure here is not exactly the incubation period, but the delay
        until a person becomes infectious which seems to be about 1 day earlier as
        showing symptoms).

    pr_sigma_median_incubation : number or None
        Prior sigma of the :class:`~pymc3.distributions.continuous.Normal`
        distribution of the median incubation delay  :math:`d_{\text{incubation}}`.
        If None, the incubation time will be fixed to the value of
        ``pr_mean_median_incubation`` instead of a random variable
        Default is 1 day.

    sigma_incubation :
        Scale parameter of the :class:`~pymc3.distributions.continuous.Lognormal`
        distribution of the incubation time/ delay until infectiousness. The default
        is set to 0.4, which is about the scale found in [Nishiura2020]_,
        [Lauer2020]_.

    pr_sigma_mu : float or array_like
        Prior for the sigma of the lognormal distribution of recovery rate
        :math:`\mu`.

    model : :class:`Cov19Model`
        if none, it is retrieved from the context

    return_all : bool
        if True, returns ``name_new_I_t``, ``name_new_E_t``,  ``name_I_t``,
        ``name_S_t`` otherwise returns only ``name_new_I_t``

    Returns
    -------
    name_new_I_t : :class:`~theano.tensor.TensorVariable`
        time series of the number daily newly infected persons.

    name_new_E_t : :class:`~theano.tensor.TensorVariable`
        time series of the number daily newly exposed persons. (if return_all set to
        True)

    name_S_t : :class:`~theano.tensor.TensorVariable`
        time series of the susceptible (if return_all set to True)

    """
    log.info("kernelized spread")
    model = modelcontext(model)

    # Build prior distrubutions:
    # --------------------------

    # Total number of people in population
    N = model.N_population

    # Prior distributions of starting populations (exposed, infectious, susceptibles)
    # We choose to consider the transitions of newly exposed people of the last 10 days.
    if isinstance(pr_new_E_begin, tt.Variable):
        new_E_begin = pr_new_E_begin
    else:
        if not model.is_hierarchical:
            new_E_begin = pm.HalfCauchy(
                name=name_new_E_begin, beta=pr_new_E_begin, shape=11
            )
        else:
            new_E_begin = pm.HalfCauchy(
                name=name_new_E_begin,
                beta=pr_new_E_begin,
                shape=(11, model.shape_of_regions),
            )

    S_begin = N - pm.math.sum(new_E_begin, axis=0)

    lambda_t = tt.exp(lambda_t_log)
    new_I_0 = tt.zeros(model.shape_of_regions)

    if pr_sigma_median_incubation is None:
        median_incubation = pr_mean_median_incubation
    else:
        median_incubation = pm.Normal(
            name_median_incubation,
            mu=pr_mean_median_incubation,
            sigma=pr_sigma_median_incubation,
        )

    # Choose transition rates (E to I) according to incubation period distribution
    if not model.is_hierarchical:
        x = np.arange(1, 11)
    else:
        x = np.arange(1, 11)[:, None]

    beta = ut.tt_lognormal(x, tt.log(median_incubation), sigma_incubation)

    # Runs kernelized spread model:
    def next_day(
        lambda_t, S_t, nE1, nE2, nE3, nE4, nE5, nE6, nE7, nE8, nE9, nE10, _, beta, N,
    ):
        new_I_t = (
            beta[0] * nE1
            + beta[1] * nE2
            + beta[2] * nE3
            + beta[3] * nE4
            + beta[4] * nE5
            + beta[5] * nE6
            + beta[6] * nE7
            + beta[7] * nE8
            + beta[8] * nE9
            + beta[9] * nE10
        )
        new_E_t = lambda_t / N * new_I_t * S_t
        S_t = S_t - new_E_t
        S_t = tt.clip(S_t, -1, N)
        return S_t, new_E_t, new_I_t

    # theano scan returns two tuples, first one containing a time series of
    # what we give in outputs_info : S, E's, new_I
    outputs, _ = theano.scan(
        fn=next_day,
        sequences=[lambda_t],
        outputs_info=[
            S_begin,
            dict(initial=new_E_begin, taps=[-1, -2, -3, -4, -5, -6, -7, -8, -9, -10]),
            new_I_0,
        ],
        non_sequences=[beta, N],
    )
    S_t, new_E_t, new_I_t = outputs
    pm.Deterministic(name_new_I_t, new_I_t)

    if name_S_t is not None:
        pm.Deterministic(name_S_t, S_t)
    if name_new_E_t is not None:
        pm.Deterministic(name_new_E_t, new_E_t)

    if return_all:
        return new_I_t, new_E_t, S_t
    else:
        return new_I_t


def uncorrelated_prior_I(
    lambda_t_log,
    mu,
    pr_median_delay,
    name_I_begin="I_begin",
    name_I_begin_ratio_log="I_begin_ratio_log",
    pr_sigma_I_begin=2,
    n_data_points_used=5,
    model=None,
):
    r"""
    Builds the prior for I begin  by solving the SIR differential from the first
    data backwards. This decorrelates the I_begin from the lambda_t at the
    beginning, allowing a more efficient sampling. The example_one_bundesland runs
    about 30\% faster with this prior, instead of a HalfCauchy.

    Parameters
    ----------
    lambda_t_log : TYPE
        Description
    mu : TYPE
        Description
    pr_median_delay : TYPE
        Description
    name_I_begin : str, optional
        Description
    name_I_begin_ratio_log : str, optional
        Description
    pr_sigma_I_begin : int, optional
        Description
    n_data_points_used : int, optional
        Description
    model : :class:`Cov19Model`
        if none, it is retrieved from the context
    lambda_t_log : :class:`~theano.tensor.TensorVariable`
    mu : :class:`~theano.tensor.TensorVariable`
    pr_median_delay : float
    pr_sigma_I_begin : float
    n_data_points_used : int

    Returns
    ------------------
    I_begin: :class:`~theano.tensor.TensorVariable`

    """
    log.info("Uncorrelated prior_I")
    model = modelcontext(model)

    num_regions = () if model.sim_ndim == 1 else model.sim_shape[1]

    lambda_t = tt.exp(lambda_t_log)

    delay = round(pr_median_delay)
    num_new_I_ref = (
        np.nansum(model.new_cases_obs[:n_data_points_used], axis=0) / model.data_len
    )
    if model.is_hierarchical:
        I0_ref = num_new_I_ref / lambda_t[0]
        diff_I_begin_L2_log, diff_I_begin_L1_log = ut.hierarchical_normal(
            name_L1=f"{name_I_begin_ratio_log}_L1",
            name_L2=f"{name_I_begin_ratio_log}_L2",
            name_sigma=f"sigma_{name_I_begin_ratio_log}_L1",
            pr_mean=0,
            pr_sigma=pr_sigma_I_begin // 2,
            error_cauchy=False,
        )
        I_begin = I0_ref * tt.exp(diff_I_begin_L2_log)
    else:
        days_diff = model.diff_data_sim - delay + 3
        I_ref = num_new_I_ref / lambda_t[days_diff]
        I0_ref = I_ref / (1 + lambda_t[days_diff // 2] - mu) ** days_diff
        I_begin = I0_ref * tt.exp(
            pm.Normal(
                name=name_I_begin_ratio_log,
                mu=0,
                sigma=pr_sigma_I_begin,
                shape=num_regions,
            )
        )
    # diff_I_begin_L2_log, diff_I_begin_L1_log = ut.hierarchical_normal(
    #    name_L1=f"{name_I_begin_ratio_log}_L1",
    #    name_L2=f"{name_I_begin_ratio_log}_L2",
    #    name_sigma=f"sigma_{name_I_begin_ratio_log}_L1",
    #    pr_mean=0,
    #    pr_sigma=pr_sigma_I_begin // 2,
    #    error_cauchy=False,
    # )

    # I_begin = I0_ref * tt.exp(diff_I_begin_L2_log)

    # I_begin = pm.Lognormal(
    #   name_I_begin_ratio_log, mu=tt.log(I0_ref), sigma=2.5, shape=num_regions
    # )
    pm.Deterministic(name_I_begin, I_begin)
    return I_begin


def uncorrelated_prior_E(
    name_E_begin="I_begin",
    name_E_begin_ratio_log="I_begin_ratio_log",
    pr_sigma_E_begin=2,
    n_data_points_used=5,
    model=None,
    len_time=11,
):
    r"""
        Builds the prior for I begin  by solving the SIR differential from the first
        data backwards. This decorrelates the I_begin from the lambda_t at the
        beginning, allowing a more efficient sampling. The example_one_bundesland runs
        about 30\% faster with this prior, instead of a HalfCauchy.

        Parameters
        ----------
        lambda_t_log : TYPE
            Description
        mu : TYPE
            Description
        pr_median_delay : TYPE
            Description
        name_I_begin : str, optional
            Description
        name_I_begin_ratio_log : str, optional
            Description
        pr_sigma_I_begin : int, optional
            Description
        n_data_points_used : int, optional
            Description
        model : :class:`Cov19Model`
            if none, it is retrieved from the context
        lambda_t_log : :class:`~theano.tensor.TensorVariable`
        mu : :class:`~theano.tensor.TensorVariable`
        pr_median_delay : float
        pr_sigma_I_begin : float
        n_data_points_used : int

        Returns
        ------------------
        I_begin: :class:`~theano.tensor.TensorVariable`

    """
    log.info("Uncorrelated prior_E")
    model = modelcontext(model)

    num_regions = () if model.sim_ndim == 1 else model.sim_shape[1]

    num_new_E_ref = (
        np.nansum(model.new_cases_obs[:n_data_points_used], axis=0) / model.data_len
    )

    diff_E_begin_L1_log = pm.Normal(
        f"{name_E_begin_ratio_log}_L1", mu=0, sigma=pr_sigma_E_begin, shape=len_time
    )
    sigma_E_begi_log = pm.HalfNormal(
        f"sigma_{name_E_begin_ratio_log}_L1", pr_sigma_E_begin, shape=len_time
    )
    diff_E_begin_L2_log = (
        pm.Normal(
            f"{name_E_begin_ratio_log}_L2_raw",
            mu=0,
            sigma=1,
            shape=(len_time, num_regions),
        )
    ) * sigma_E_begi_log[:, None] + diff_E_begin_L1_log[:, None]

    new_E_begin = num_new_E_ref * tt.exp(diff_E_begin_L2_log)

    pm.Deterministic(name_E_begin, new_E_begin)
    return new_E_begin


def SIR_variants(
    lambda_t_log,
    mu,
    f,
    pr_I_begin=100,
    name_new_I_tv="new_I_tv",
    name_I_begin="I_begin_v",
    name_I_tv="I_tv",
    name_S_t="S_t",
    model=None,
    return_all=False,
    num_variants=5,
    Phi=None,
):
    r"""

    Parameters
    ----------
    lambda_t_log : :class:`~theano.tensor.TensorVariable`
        Time series of the logarithm of the spreading rate. Shape: (time)
    mu : :class:`~theano.tensor.TensorVariable`
        The recovery rate :math:`\mu`, typically a random variable.
    f : :class:`~theano.tensor.TensorVariable`
        TODO
    pr_I_begin : float or array_like or :class:`~theano.tensor.Variable`
        Prior beta of the Half-Cauchy distribution of :math:`I(0)`.
        if type is ``tt.Constant``, I_begin will not be inferred by pymc3.
    model : :class:`Cov19Model`
        if none, it is retrieved from the context
    num_variants : number,
        The number of input variants, corresponding to the shape of f.
    Phi : array
        The influx array which is added each timestep should have the shape (variants, time)
        
    Returns
    ------------------
    new_I_t : :class:`~theano.tensor.TensorVariable`
        time series of the number daily newly infected persons.
    I_t : :class:`~theano.tensor.TensorVariable`
        time series of the infected (if return_all set to True)
    S_t : :class:`~theano.tensor.TensorVariable`
        time series of the susceptible (if return_all set to True)
    """

    log.info("SIR with variants")
    model = modelcontext(model)

    # Prior distributions of starting populations (infectious, susceptibles)
    if isinstance(pr_I_begin, tt.Variable):
        I_begin = pr_I_begin
    else:
        I_begin = pm.HalfCauchy(name=name_I_begin, beta=pr_I_begin, shape=num_variants)

    # Total number of people in population
    N = model.N_population

    # Initial compartment Suceptible
    S_begin = N - I_begin.sum()

    lambda_t = tt.exp(lambda_t_log)

    # Set prior for Influx phi
    if Phi is None:
        loop_phi = False
        Phi = tt.zeros(model.sim_length)
    elif isinstance(Phi, tt.Variable):
        loop_phi = True

    def next_day(lambda_t, Phi, S_t, I_tv, _, mu, f, N):
        # Variants SIR
        """
        lambda_t.tag.test_value = 1.5
        I_tv.tag.test_value = [50,50,50,50,50]
        S_t.tag.test_value = 5000
        f.tag.test_value = [1,1,1,1,1]
        """

        new_I_tv = f * I_tv * lambda_t * S_t / N

        # Add influx if defined
        if loop_phi:
            new_I_tv += Phi

        # Update new compartments
        I_tv = I_tv + new_I_tv - mu * I_tv
        S_t = S_t - new_I_tv.sum()

        # for stability
        I_tv = tt.clip(I_tv, -1, N)
        S_t = tt.clip(S_t, 0, N)
        return S_t, I_tv, new_I_tv

    # theano scan returns two tuples, first one containing a time series of
    # what we give in outputs_info : S, I, new_I
    new_I_0 = tt.zeros_like(I_begin)
    outputs, _ = theano.scan(
        fn=next_day,
        sequences=[lambda_t, Phi],
        outputs_info=[S_begin, I_begin, new_I_0],
        non_sequences=[mu, f, N],
    )
    S_t, I_tv, new_I_tv = outputs
    pm.Deterministic(name_new_I_tv, new_I_tv)
    if name_S_t is not None:
        pm.Deterministic(name_S_t, S_t)
    if name_I_tv is not None:
        pm.Deterministic(name_I_tv, I_tv)

    if return_all:
        return new_I_tv, I_tv, S_t
    else:
        return new_I_tv


def kernelized_spread_variants(
    R_t_log,
    f,
    num_variants=5,
    name_new_I_tv="new_I_tv",
    name_new_E_tv="new_E_tv",
    name_S_t="S_t",
    name_new_E_begin="new_E_begin_v",
    name_median_incubation="median_incubation_v",
    pr_new_E_begin=50,
    pr_mean_median_incubation=4,
    pr_sigma_median_incubation=1,
    sigma_incubation=0.4,
    model=None,
    return_all=False,
    Phi=None,
    f_is_varying=False,
):
    r"""
    Implements a model similar to the susceptible-exposed-infected-recovered model.
    Instead of a exponential decaying incubation period, the length of the period is
    lognormal distributed.

    Parameters
    ----------
    R_t_log : :class:`~theano.tensor.TensorVariable`
        time series of the logarithm of the reproduction time, 1 or 2-dimensional. If 2-dimensional, the first
        dimension is time.

    f : :class:`~theano.tensor.TensorVariable`
        The factor by which the reproduction number of each variant is multiplied by,
        is of shape num_variants

    name_new_E_tv : str, optional
        Name of the ``new_E_tv`` variable

    name_new_I_tv : str, optional
        Name of the ``new_I_tv`` variable

    name_S_t : str, optional
        Name of the ``S_t`` variable

    name_new_E_begin : str, optional
        Name of the ``new_E_begin`` variable

    name_median_incubation : str
        The name under which the median incubation time is saved in the trace

    pr_I_begin : float or array_like
        Prior beta of the :class:`~pymc3.distributions.continuous.HalfCauchy`
        distribution of :math:`I(0)`.
        if type is ``tt.Variable``, ``I_begin`` will be set to the provided prior as
        a constant.

    pr_new_E_begin : float or array_like
        Prior beta of the :class:`~pymc3.distributions.continuous.HalfCauchy`
        distribution of :math:`E(0)`.

    pr_mean_median_incubation :
        Prior mean of the :class:`~pymc3.distributions.continuous.Normal`
        distribution of the median incubation delay  :math:`d_{\text{incubation}}`.
        Defaults to 4 days [Nishiura2020]_, which is the median serial interval (the
        important measure here is not exactly the incubation period, but the delay
        until a person becomes infectious which seems to be about 1 day earlier as
        showing symptoms).

    pr_sigma_median_incubation : number or None
        Prior sigma of the :class:`~pymc3.distributions.continuous.Normal`
        distribution of the median incubation delay  :math:`d_{\text{incubation}}`.
        If None, the incubation time will be fixed to the value of
        ``pr_mean_median_incubation`` instead of a random variable
        Default is 1 day.

    sigma_incubation :
        Scale parameter of the :class:`~pymc3.distributions.continuous.Lognormal`
        distribution of the incubation time/ delay until infectiousness. The default
        is set to 0.4, which is about the scale found in [Nishiura2020]_,
        [Lauer2020]_.

    model : :class:`Cov19Model`
        if none, it is retrieved from the context

    return_all : bool
        if True, returns ``name_new_I_t``, ``name_new_E_t``,  ``name_I_t``,
        ``name_S_t`` otherwise returns only ``name_new_I_t``
        
    Phi : array
        The influx array which is added each timestep should have the shape (time, variants)
    f_is_varying : bool
        Whether f varies over time. In this case it is assumed to have shape (time, variants)

    Returns
    -------
    new_I_t : :class:`~theano.tensor.TensorVariable`
        time series of the number daily newly infected persons.

    new_E_t : :class:`~theano.tensor.TensorVariable`
        time series of the number daily newly exposed persons. (if return_all set to
        True)

    S_t : :class:`~theano.tensor.TensorVariable`
        time series of the susceptible (if return_all set to True)

    """
    log.info("Kernelized spread with variants")
    model = modelcontext(model)

    # Build prior distrubutions:
    # --------------------------

    # Prior distributions of starting populations (exposed, infectious, susceptibles)
    # We choose to consider the transitions of newly exposed people of the last 10 days.
    if isinstance(pr_new_E_begin, tt.Variable):
        new_E_begin = pr_new_E_begin
    else:
        new_E_begin = pm.HalfCauchy(
            name=name_new_E_begin, beta=pr_new_E_begin, shape=(11, num_variants),
        )

    if pr_sigma_median_incubation is None:
        median_incubation = pr_mean_median_incubation
    else:
        median_incubation = pm.Normal(
            name_median_incubation,
            mu=pr_mean_median_incubation,
            sigma=pr_sigma_median_incubation,
        )

    # Set prior for Influx phi
    if Phi is None:
        loop_phi = False
        Phi = tt.zeros(model.sim_len)
    elif isinstance(Phi, tt.Variable):
        loop_phi = True

    # prepare f
    if not f_is_varying:
        f *= tt.ones((model.sim_len, 1))

    # Total number of people in population
    N = model.N_population

    # Starting suceptible pool
    S_begin = N - new_E_begin.sum().sum()

    R_t = tt.exp(R_t_log)

    new_I_0 = tt.zeros(num_variants)

    # Choose transition rates (E to I) according to incubation period distribution
    x = np.arange(1, 11)[:, None]

    beta = ut.tt_lognormal(x, tt.log(median_incubation), sigma_incubation)

    # Runs kernelized spread model with variants:
    def next_day(
        R_t, Phi, f, S_t, nE1, nE2, nE3, nE4, nE5, nE6, nE7, nE8, nE9, nE10, _, beta, N,
    ):
        new_I_tv = (
            beta[0] * nE1
            + beta[1] * nE2
            + beta[2] * nE3
            + beta[3] * nE4
            + beta[4] * nE5
            + beta[5] * nE6
            + beta[6] * nE7
            + beta[7] * nE8
            + beta[8] * nE9
            + beta[9] * nE10
        )

        if loop_phi:
            new_I_tv += Phi

        new_E_tv = f * new_I_tv * S_t * R_t / N

        S_t = S_t - new_E_tv.sum()
        S_t = tt.clip(S_t, -1, N)

        return S_t, new_E_tv, new_I_tv

    # theano scan returns two tuples, first one containing a time series of
    # what we give in outputs_info : S, E's, new_I

    outputs, _ = theano.scan(
        fn=next_day,
        sequences=[R_t, Phi, f],
        outputs_info=[
            S_begin,
            dict(initial=new_E_begin, taps=[-1, -2, -3, -4, -5, -6, -7, -8, -9, -10]),
            new_I_0,
        ],
        non_sequences=[beta, N],
        # mode="DebugMode",
    )

    # Unzip outputs
    S_t, new_E_tv, new_I_tv = outputs

    # Add new_cases to trace
    pm.Deterministic(name_new_I_tv, new_I_tv)

    if name_S_t is not None:
        pm.Deterministic(name_S_t, S_t)
    if name_new_E_tv is not None:
        pm.Deterministic(name_new_E_tv, new_E_tv)

    if return_all:
        return new_I_tv, new_E_tv, S_t
    else:
        return new_I_tv




          

      

      

    

  

    
      
          
            
  Source code for covid19_inference.model.delay

# ------------------------------------------------------------------------------ #
# This file provides `delay_cases()` and required helpers:
# Applies delays to time-like arrays (such as a timeseries of observed new cases)
# and adds the required priors and corresponding variables to be traced.
# ------------------------------------------------------------------------------ #

import logging
import theano
import theano.tensor as tt
import numpy as np
import pymc3 as pm
from . import utility as ut
from .model import Cov19Model, modelcontext, set_missing_priors_with_default

log = logging.getLogger(__name__)


[docs]def delay_cases(
    cases,
    name_delay="delay",
    name_cases=None,
    name_width="delay-width",
    pr_mean_of_median=10,
    pr_sigma_of_median=0.2,
    pr_median_of_width=0.3,
    pr_sigma_of_width=None,
    model=None,
    len_input_arr=None,
    len_output_arr=None,
    diff_input_output=None,
    num_variants=None,
):
    """
        Convolves the input by a lognormal distribution, in order to model a delay:

        * We have a kernel (a distribution) of delays, one realization of this kernel is
          applied to each pymc3 sample.

        * The kernel has a median delay D and a width that correspond to this one
          sample. Doing the ensemble average over all samples and the respective
          kernels, we get two distributions: one of the median delay D and one of the
          width.

        * The (normal) distribution of the median of D is specified using
          `pr_mean_of_median` and `pr_sigma_of_median`.

        * The (lognormal) distribution of the width of the kernel of D is specified
          using `pr_median_of_width` and `pr_sigma_of_width`. If
          `pr_sigma_of_width` is None, the width is fixed (skipping the second
          distribution).

        Parameters
        ----------
        cases : :class:`~theano.tensor.TensorVariable`
            The input, typically the number of newly infected cases from the output of
            :func:`SIR` or :func:`SEIR`.

        name_delay : str
            The name under which the delay is saved in the trace, suffixes and prefixes
            are added depending on which variable is saved.
            Default : "delay"

        name_cases : str or None
            The name under which the delayed cases are saved in the trace.
            If None, no variable will be added to the trace.
            Default: "delayed_cases"

        pr_mean_of_median : float
            The mean of the :class:`~pymc3.normal` distribution
            which models the prior median of the
            :class:`~pymc3.LogNormal` delay kernel.
            Default: 10.0 (days)

        pr_sigma_of_median : float
            The standart devaiation of :class:`~pymc3.normal`
            distribution which models the prior median of the
            :class:`~pymc3.LogNormal` delay kernel.
            Default: 0.2

        pr_median_of_width : float
            The scale (width) of the :class:`~pymc3.LogNormal`
            delay kernel.
            Default: 0.3

        pr_sigma_of_width : float or None
            Whether to put a prior distribution on the scale (width)
            of the distribution of the delays, too.
            If a number is provided, the scale of the delay kernel follows
            a prior :class:`~pymc3.LogNormal` distribution, with median
            `pr_median_scale_delay` and scale `pr_sigma_scale_delay`.
            Default: None, and no distribution is applied.

        model : :class:`Cov19Model` or None
            The model to use.
            Default: None, model is retrieved automatically from the context

        Other Parameters
        ----------------
        len_input_arr :
            Length of ``new_I_t``. By default equal to ``model.sim_len``. Necessary
            because the shape of theano tensors are not defined at when the graph is
            built.

        len_output_arr : int
            Length of the array returned. By default it set to the length of the
            cases_obs saved in the model plus the number of days of the forecast.

        diff_input_output : int
            Number of days the returned array begins later then the input. Should be
            significantly larger than the median delay. By default it is set to the
            ``model.diff_data_sim``.
        num_variants : int
            If you are not using the hierachical model but still want to apply a delay
            to multidimensional casenumbers. This is the shape of your last dimension.

        Returns
        -------
        delayed_cases : :class:`~theano.tensor.TensorVariable`
            The delayed input :math:`y_\\text{delayed}(t)`,
            typically the daily number new cases that one expects to measure.
    """
    log.info("Delaying cases")
    model = modelcontext(model)

    # log normal distributed delays (the median values)

    delay_log = pm.Normal(
        name=f"{name_delay}_log",
        mu=np.log(pr_mean_of_median),
        sigma=pr_sigma_of_median,
        shape=model.shape_of_regions,
    )
    pm.Deterministic(f"{name_delay}", np.exp(delay_log))

    """
    if not model.is_hierarchical:
        delay_log = pm.Normal(
            name=f"{name_delay}_log",
            mu=np.log(pr_mean_of_median),
            sigma=pr_sigma_of_median,
        )
        pm.Deterministic(f"{name_delay}", np.exp(delay_log))
    else:
        delay_L2_log, delay_L1_log = ut.hierarchical_normal(
            name_L1=f"{name_delay}_hc_L1_log",
            name_L2=f"{name_delay}_hc_L2_log",
            name_sigma=f"{name_delay}_hc_sigma",
            pr_mean=np.log(pr_mean_of_median),
            pr_sigma=pr_sigma_of_median,
            model=model,
            error_cauchy=False,
        )
        pm.Deterministic(f"{name_delay}_hc_L2", np.exp(delay_L2_log))
        pm.Deterministic(f"{name_delay}_hc_L1", np.exp(delay_L1_log))
        delay_log = delay_L2_log
    """
    # We may also have a distribution of the width (of the kernel of delays) within
    # each sample/trace.
    if pr_sigma_of_width is None:
        # Default: width of kernel has no distribution
        width_log = np.log(pr_median_of_width)
    else:
        # Alternatively, put a prior distribution on the witdh, too
        width_log = pm.Normal(
            name=f"{name_width}_log",
            mu=np.log(pr_median_of_width),
            sigma=pr_sigma_of_width,
            shape=model.shape_of_regions,
        )
        pm.Deterministic(f"{name_width}", tt.exp(width_log))

        """
        if not model.is_hierarchical:
            width_log = pm.Normal(
                name=f"{name_width}_log",
                mu=np.log(pr_median_of_width),
                sigma=pr_sigma_of_width,
            )
            pm.Deterministic(f"{name_width}", tt.exp(width_log))
        else:
            width_L2_log, width_L1_log = hierarchical_normal(
                name_L1=f"{name_width}_hc_L1_log",
                name_L2=f"{name_width}_hc_L2_log",
                name_sigma=f"{name_width}_hc_sigma",
                pr_mean=np.log(pr_median_of_width),
                pr_sigma=pr_sigma_of_width,
                model=model,
                error_cauchy=False,
            )
            pm.Deterministic(f"{name_width}_hc_L2", tt.exp(width_L2_log))
            pm.Deterministic(f"{name_width}_hc_L1", tt.exp(width_L1_log))
            width_log = width_L2_log
        """

    # enable this function for custom data and data ranges
    if len_output_arr is None:
        len_output_arr = model.sim_len
    if diff_input_output is None:
        diff_input_output = model.diff_data_sim
    if len_input_arr is None:
        len_input_arr = model.sim_len

    # It is possible, that the input is multidimensional even tho the model
    # is not hierachical! Thus we need to stack the delay_log and width_log
    # depending on the give input shape
    if cases.ndim == 2 and not model.is_hierarchical:
        if num_variants is None:
            raise RuntimeError("Please pass num_variants to delay function.")
        delay_log = tt.stack([delay_log] * num_variants, axis=0)
        width_log = tt.stack([width_log] * num_variants, axis=0)

    # delay the input cases
    delayed_cases = _delay_lognormal(
        input_arr=cases,
        len_input_arr=len_input_arr,
        len_output_arr=len_output_arr,
        median_delay=tt.exp(delay_log),
        scale_delay=tt.exp(width_log),
        delay_betw_input_output=diff_input_output,
    )

    # optionally, add the cases to the trace. maybe let the user do this in the future.
    if name_cases is not None:
        pm.Deterministic(f"{name_cases}", delayed_cases)

    return delayed_cases



def _delay_lognormal(
    input_arr,
    len_input_arr,
    len_output_arr,
    median_delay,
    scale_delay,
    delay_betw_input_output,
):
    delay_mat = _make_delay_matrix(
        n_rows=len_input_arr,
        n_columns=len_output_arr,
        initial_delay=delay_betw_input_output,
    )
    # avoid negative values that lead to nans in the lognormal distribution
    delay_mat[delay_mat < 0.01] = 0.01

    # add a dim if hierarchical
    if input_arr.ndim == 2:
        delay_mat = delay_mat[:, :, None]
    delayed_arr = _apply_delay(input_arr, median_delay, scale_delay, delay_mat)
    return delayed_arr


def _delay_timeshift(new_I_t, len_new_I_t, len_out, delay, delay_diff):
    """
        Delays (time shifts) the input new_I_t by delay.

        Parameters
        ----------
        new_I_t : ~numpy.ndarray or theano vector
            Input to be delayed.

        len_new_I_t : integer
            Length of new_I_t. (Think len(new_I_t) ).
            Assure len_new_I_t is larger then len(new_cases_obs)-delay, otherwise it
            means that the simulated data is not long enough to be fitted to the data.

        len_out : integer
            Length of the output.

        delay : number
            If delay is an integer, the array will be exactly shifted. Else, the data
            will be shifted and intepolated (convolved with hat function of width one).
            Take care that delay is smaller than or equal to delay_diff,
            otherwise zeros are returned, which could potentially lead to errors.

        delay_diff: integer
            The difference in length between the new_I_t and the output.

        Returns
        -------
            an array with length len_out that was time-shifted by delay
    """

    # elementwise delay of input to output
    delay_mat = _make_delay_matrix(
        n_rows=len_new_I_t, n_columns=len_out, initial_delay=delay_diff
    )
    inferred_cases = _interpolate(new_I_t, delay, delay_mat)
    return inferred_cases


def _make_delay_matrix(n_rows, n_columns, initial_delay=0):
    """
        Has in each entry the delay between the input with size n_rows and the output
        with size n_columns

        initial_delay is the top-left element.
    """
    size = max(n_rows, n_columns)
    mat = np.zeros((size, size))
    for i in range(size):
        diagonal = np.ones(size - i) * (initial_delay + i)
        mat += np.diag(diagonal, i)
    for i in range(1, size):
        diagonal = np.ones(size - i) * (initial_delay - i)
        mat += np.diag(diagonal, -i)
    return mat[:n_rows, :n_columns]


def _apply_delay(array, delay, sigma_delay, delay_mat):
    mat = ut.tt_lognormal(delay_mat, mu=np.log(delay), sigma=sigma_delay)
    if array.ndim == 2 and mat.ndim == 3:
        array_shuf = array.dimshuffle((1, 0))
        mat_shuf = mat.dimshuffle((2, 0, 1))
        delayed_arr = tt.batched_dot(array_shuf, mat_shuf)
        delayed_arr = delayed_arr.dimshuffle((1, 0))
    elif array.ndim == 1 and mat.ndim == 2:
        delayed_arr = tt.dot(array, mat)
    else:
        raise RuntimeError(
            "For some reason, wrong number of dimensions, shouldn't happen"
        )
    return delayed_arr


def _interpolate(array, delay, delay_matrix):
    """
        smooth the array (if delay is no integer)
    """
    if array.ndim == 2:
        interp_matrix = tt.maximum(
            1 - tt.abs_(tt.shape_padaxis(delay_matrix, axis=-1) - delay), 0
        )
        mat_shuf = interp_matrix.dimshuffle((2, 0, 1))
        array_shuf = array.dimshuffle((1, 0))
        delayed_arr = tt.batched_dot(array_shuf, mat_shuf)
        interpolation = delayed_arr.dimshuffle((1, 0))
    elif array.ndim == 1:
        interp_matrix = tt.maximum(1 - tt.abs_(delay_matrix - delay), 0)
        interpolation = tt.dot(array, interp_matrix)
    else:
        raise RuntimeError(
            "For some reason, wrong number of dimensions, shouldn't happen"
        )

    return interpolation




          

      

      

    

  

    
      
          
            
  Source code for covid19_inference.model.likelihood

# ------------------------------------------------------------------------------ #
# Implementation of the Likelihood that is used during the mcmc acceptance
# ------------------------------------------------------------------------------ #

import logging

import theano
import theano.tensor as tt
import numpy as np
from scipy import ndimage as ndi
import pymc3 as pm

from .model import *
from . import utility as ut

log = logging.getLogger(__name__)


[docs]def student_t_likelihood(
    cases,
    name_student_t="_new_cases_studentT",
    name_sigma_obs="sigma_obs",
    pr_beta_sigma_obs=30,
    nu=4,
    offset_sigma=1,
    model=None,
    data_obs=None,
):
    r"""
        Set the likelihood to apply to the model observations (`model.new_cases_obs`)
        We assume a :class:`~pymc3.distributions.continuous.StudentT` distribution because it is robust against outliers [Lange1989]_.
        The likelihood follows:

        .. math::

            P(\text{data\_obs}) &\sim StudentT(\text{mu} = \text{new\_cases\_inferred}, sigma =\sigma,
            \text{nu} = \text{nu})\\
            \sigma &= \sigma_r \sqrt{\text{new\_cases\_inferred} + \text{offset\_sigma}}

        The parameter :math:`\sigma_r` follows
        a :class:`~pymc3.distributions.continuous.HalfCauchy` prior distribution with parameter beta set by
        ``pr_beta_sigma_obs``. If the input is 2 dimensional, the parameter :math:`\sigma_r` is different for every region.

        Parameters
        ----------
        cases : :class:`~theano.tensor.TensorVariable`
            The daily new cases estimated by the model.
            Will be compared to  the real world data ``data_obs``.
            One or two dimensonal array. If 2 dimensional, the first dimension is time
            and the second are the regions/countries

        name_student_t :
            The name under which the studentT distribution is saved in the trace.

        name_sigma_obs :
            The name under which the distribution of the observable error is saved in the trace

        pr_beta_sigma_obs : float
            The beta of the :class:`~pymc3.distributions.continuous.HalfCauchy` prior distribution of :math:`\sigma_r`.

        nu : float
            How flat the tail of the distribution is. Larger nu should  make the model
            more robust to outliers. Defaults to 4 [Lange1989]_.

        offset_sigma : float
            An offset added to the sigma, to make the inference procedure robust. Otherwise numbers of
            ``cases`` would lead to very small errors and diverging likelihoods. Defaults to 1.

        model:
            The model on which we want to add the distribution

        data_obs : array
            The data that is observed. By default it is ``model.new_cases_obs``


        Returns
        -------
        None

        References
        ----------

        .. [Lange1989] Lange, K., Roderick J. A. Little, & Jeremy M. G. Taylor. (1989).
            Robust Statistical Modeling Using the t Distribution.
            Journal of the American Statistical Association,
            84(408), 881-896. doi:10.2307/2290063

    """

    model = modelcontext(model)

    if data_obs is None:
        data_obs = model.new_cases_obs

    if model.shifted_cases:

        no_cases = data_obs == 0
        if len(data_obs.shape) > 1:

            for c, cases_obs_c in enumerate(data_obs.T):
                # find short intervals of 0 entries and set to NaN
                no_cases_blob, n_blob = ndi.label(no_cases[:, c])
                for i in range(n_blob):
                    if (no_cases_blob == (i + 1)).sum() < 10:
                        data_obs[no_cases_blob == i + 1, c] = np.NaN

                # shift cases from weekends or such to the next day, where cases are reported
                if n_blob > 0:
                    new_cases = 0
                    update = False
                    for i, cases_obs in enumerate(cases_obs_c):
                        new_cases += cases[i + model.diff_data_sim][c]
                        if np.isnan(cases_obs):
                            update = True
                        elif update:
                            cases_i = tt.set_subtensor(
                                cases[i + model.diff_data_sim][c], new_cases
                            )
                            cases = tt.set_subtensor(
                                cases[i + model.diff_data_sim], cases_i
                            )
                            new_cases = 0
                            update = False
        else:
            # find short intervals of 0 entries and set to NaN
            no_cases_blob, n_blob = ndi.label(no_cases)
            for i in range(n_blob):
                if (no_cases_blob == (i + 1)).sum() < 10:
                    data_obs[no_cases_blob == i + 1] = np.NaN

            # shift cases from weekends or such to the next day, where cases are reported
            if n_blob > 0:
                new_cases = 0
                update = False
                for i, cases_obs in enumerate(data_obs):
                    new_cases += cases[i + model.diff_data_sim]
                    if np.isnan(cases_obs):
                        update = True
                    elif update:
                        cases = tt.set_subtensor(
                            cases[i + model.diff_data_sim], new_cases
                        )
                        new_cases = 0
                        update = False

    cases = cases[model.diff_data_sim : model.data_len + model.diff_data_sim]
    # theano.printing.Print(f'cases')(cases)

    sigma_obs = pm.HalfCauchy(
        name_sigma_obs, beta=pr_beta_sigma_obs, shape=model.shape_of_regions
    )
    sigma = (
        tt.abs_(cases + offset_sigma) ** 0.5 * sigma_obs
    )  # offset and tt.abs to avoid nans

    pm.StudentT(
        name=name_student_t,
        nu=nu,
        mu=cases[~np.isnan(data_obs)],
        sigma=sigma[~np.isnan(data_obs)],
        observed=data_obs[~np.isnan(data_obs)],
    )





          

      

      

    

  

    
      
          
            
  Source code for covid19_inference.model.model

# ------------------------------------------------------------------------------ #
# This file implements the abstract model base class.
# It has some helper properties to access date ranges and hierarchical details
# ------------------------------------------------------------------------------ #

import datetime
import logging

import numpy as np
from pymc3 import Model  # this import is needed to get pymc3-style "with ... as model:"

# we cannot import utility, would create recursive dependencies
# from . import utility as ut

log = logging.getLogger(__name__)


# can we rename this guy to model base or something?
[docs]class Cov19Model(Model):
    """
        Abstract base class for the dynamic model of covid-19 propagation.
        Derived from :class:`pymc3.Model`.

        Parameters below are passed to the constructor.

        Attributes (Variables) are available after creation and can be accessed from
        every instance. Some background:

            * The simulation starts `diff_data_sim` days before the data.
            * The data has a certain length, on which the inference is based. This
              length is given by `new_cases_obs`.
            * After the inference, a forecast takes of length `fcast_len` takes
              place, starting on the day after the last data point in `new_cases_obs`.
            * In total, traces produced by a model run have the length
              `sim_len = diff_data_sim + data_len + fcast_len`
            * Date ranges include both boundaries. For example, if `data_begin` is March
              1 and `data_end` is March 3 then `data_len` will be 3.

        Parameters
        ----------
        new_cases_obs : 1 or 2d array
            If the array is two-dimensional, an hierarchical model will be constructed.
            First dimension is then time, the second the region/country.
        data_begin : datatime.datetime
            Date of the first data point
        fcast_len : int
            Number of days the simulations runs longer than the data
        diff_data_sim : int
            Number of days the simulation starts earlier than the data. Should be
            significantly longer than the delay between infection and report of cases.
        N_population : number or 1d array
            Number of inhabitance in region, needed for the S(E)IR model. Is ideally 1
            dimensional if new_cases_obs is 2 dimensional
        name : string
            suffix appended to the name of random variables saved in the trace
        model :
            specify a model, if this one should expand another
        shifted_cases : bool
            when enabled (True), interprets short intervals of zero cases as days,
            where no reporting happens and adds model cases to next non-zero-case day

        Attributes
        ----------
        new_cases_obs : 1 or 2d array
            as passed during construction

        data_begin : datatime.datetime
            date of the first data point in the data

        data_end : datatime.datetime
            date of the last data point in the data

        sim_begin : datatime.datetime
            date at which the simulation begins

        sim_end : datatime.datetime
            date at which the simulation ends (should match fcast_end)

        fcast_begin : datatime.datetime
            date at which the forecast starts (should be one day after data_end)

        fcast_end : datatime.datetime
            data at which the forecast ends

        data_len : int
            total number of days in the data

        sim_len : int
            total number of days in the simulation

        fcast_len : int
            total number of days in the forecast

        diff_data_sim : int
            difference in days between the simulation begin and the data begin.
            The simulation starting time is usually earlier than the data begin.

        Example
        -------
        .. code-block::

            with Cov19Model(**params) as model:
                # Define model here
    """

    def __init__(
        self,
        new_cases_obs,
        data_begin,
        fcast_len,
        diff_data_sim,
        N_population,
        name="",
        model=None,
        shifted_cases=True,
    ):

        super().__init__(name=name, model=model)

        new_cases_obs[
            new_cases_obs < 0
        ] = 0  # set negative values to 0 (dirty fix, but better than nothing...)

        # first dim time, second might be state
        self.shifted_cases = shifted_cases
        self.new_cases_obs = np.array(new_cases_obs, dtype=np.dtype(float))
        self.sim_ndim = new_cases_obs.ndim
        self.N_population = N_population

        # these are dates specifying the bounds of data, simulation and forecast.
        # Jonas Sebastian and Paul agreed to use fully inclusive intervals this makes
        # calculating ranges a bit harder but function arguments are more intuitive.
        # 01 Mar, 02 Mar, 03 Mar
        # data_begin = 01 Mar
        # data_end = 03 Mar
        # [data_begin, data_end]
        # (data_end - data_begin).days = 2

        # assign properties
        self._data_begin = data_begin
        self._sim_begin = self.data_begin - datetime.timedelta(days=diff_data_sim)
        self._data_end = self.data_begin + datetime.timedelta(
            days=len(new_cases_obs) - 1
        )
        self._sim_end = self.data_end + datetime.timedelta(days=fcast_len)

        # totel length of simulation, get later via the shape
        sim_len = len(new_cases_obs) + diff_data_sim + fcast_len
        if sim_len < len(new_cases_obs) + diff_data_sim:
            raise RuntimeError(
                "Simulation ends before the end of the data. Increase num_days_sim."
            )

        # shape and dimension of simulation
        if self.sim_ndim == 1:
            self.sim_shape = (sim_len,)
        elif self.sim_ndim == 2:
            self.sim_shape = (sim_len, self.new_cases_obs.shape[1])

        if self.data_end > datetime.datetime.today():
            log.warning(
                f"Your last data point is in the future ({self.data_end}). "
                + "Are you traveling faster than light?"
            )

    """
        Properties
        ----------
        Useful properties, mainly used by the plot module.
    """

    """
        Utility properties
    """

    @property
    def shape_of_regions(self):
        # Number of regions as tuple of int
        return () if self.sim_ndim == 1 else self.sim_shape[1]

    @property
    def is_hierarchical(self):
        return self.new_cases_obs.ndim == 2

    """
        Forecast properties
    """

    @property
    def fcast_begin(self):
        # Returns date on which the forecast starts i.e. the day after the data ends
        return self.data_end + datetime.timedelta(days=1)

    @property
    def fcast_end(self):
        # Returns date on which the simulation and the forecast end
        return self.sim_end

    @property
    def fcast_len(self):
        # Returns the length of the forecast in days
        return (self.sim_end - self.data_end).days

    """
        Data properties
    """

    @property
    def data_len(self):
        return self.new_cases_obs.shape[0]

    @property
    def data_dim(self):
        return self.new_cases_obs.shape[1]

    @property
    def data_begin(self):
        return self._data_begin

    @property
    def data_end(self):
        return self._data_end

    """
        Simulation properties
    """

    @property
    def sim_len(self):
        return self.sim_shape[0]

    @property
    def sim_begin(self):
        return self._sim_begin

    @property
    def sim_end(self):
        return self._sim_end

    @property
    def diff_data_sim(self):
        return (self.data_begin - self.sim_begin).days

    """
        Other helpfull properties
    """

    @property
    def untransformed_freeRVs(self):
        """
            Returns the names of all free parameters of the model, usefull for plotting!

            Returns
            -------
            : list
                all variable names
        """

        """
            For every free random varibale in pymc3 with the _log__ suffix there exists
            an Random Variable without logscale i.e. without _log__. There is no
            easy function to return the names of these function that's why we
            Get the names like that.
        """
        varnames = [str(x).replace("_log__", "") for x in self.free_RVs]
        return varnames



def modelcontext(model):
    """
        return the given model or try to find it in the context if there was
        none supplied.
    """
    if model is None:
        return Cov19Model.get_context()
    return model


def set_missing_priors_with_default(priors_dict, default_priors):
    """
        Takes a dict with custom priors and a dict with defaults and sets keys that
        are not given
    """
    for prior_name in priors_dict.keys():
        if prior_name not in default_priors:
            log.warning(f"Prior with name {prior_name} not known")

    for prior_name, value in default_priors.items():
        if prior_name not in priors_dict:
            priors_dict[prior_name] = value
            log.info(f"{prior_name} was set to default value {value}")




          

      

      

    

  

    
      
          
            
  Source code for covid19_inference.model.spreading_rate

# ------------------------------------------------------------------------------ #
# This file implements the change points in the spreading rate
# ------------------------------------------------------------------------------ #

import logging
import pymc3 as pm
import theano
import theano.tensor as tt

from .model import *
from . import utility as ut

log = logging.getLogger(__name__)


"""
    TODO
    ----
    def lambda_t_with_transient
"""


[docs]def lambda_t_with_sigmoids(
    change_points_list,
    pr_median_lambda_0,
    pr_sigma_lambda_0=0.5,
    model=None,
    name_lambda_t="lambda_t",
    hierarchical=None,
    sigma_lambda_cp=None,
    sigma_lambda_week_cp=None,
    prefix_lambdas="",
    shape=None,
):
    """
    Builds a time dependent spreading rate :math:`\lambda_t` with change points. The change points are marked by
    a transient with a sigmoidal shape, with at

    Parameters
    ----------
    change_points_list
    pr_median_lambda_0
    pr_sigma_lambda_0
    model : :class:`Cov19Model`
        if none, it is retrieved from the context

    Returns
    -------
    lambda_t_log

    TODO
    ----
    Documentation on this
    """
    log.info("Lambda_t with sigmoids")
    # Get our default mode context
    model = modelcontext(model)
    hierarchical = (
        model.is_hierarchical if model.is_hierarchical is None else hierarchical
    )
    # ?Get change points random variable?
    if shape is None:
        shape = model.shape_of_regions
    if isinstance(shape, int):
        shape = (shape,)

    lambda_log_list, tr_time_list, tr_len_list = _make_change_point_RVs(
        change_points_list,
        pr_median_lambda_0,
        pr_sigma_lambda_0,
        model=model,
        hierarchical=hierarchical,
        sigma_lambda_cp=sigma_lambda_cp,
        sigma_lambda_week_cp=sigma_lambda_week_cp,
        prefix_lambdas=prefix_lambdas,
        shape=shape,
    )

    # Build the time-dependent spreading rate
    lambda_log_t_list = [lambda_log_list[0] * tt.ones((model.sim_len,) + shape)]
    lambda_before = lambda_log_list[0]

    # Loop over all lambda values and there corresponding transient values
    for tr_time, tr_len, lambda_after in zip(
        tr_time_list, tr_len_list, lambda_log_list[1:]
    ):
        # Create the right shape for the time array
        t = np.arange(model.sim_shape[0])

        # If the model is hierarchical repeatly add the t array to itself to match the shape
        if shape:
            t = np.repeat(t[:, None], shape, axis=-1)

        # Applies standart sigmoid nonlinearity
        lambda_t = tt.nnet.sigmoid((t - tr_time) / tr_len * 4) * (
            lambda_after - lambda_before
        )  # tr_len*4 because the derivative of the sigmoid at zero is 1/4, we want to set it to 1/tr_len

        lambda_before = lambda_after
        lambda_log_t_list.append(lambda_t)

    # Sum up all lambda values from the list
    for i, lambda_t in enumerate(lambda_log_t_list):
        pm.Deterministic(f"{prefix_lambdas}lambda_t_part_{i}", lambda_t)

    lambda_t_log = sum(lambda_log_t_list)

    # Create responding lambda_t pymc3 variable with given name (from parameters)
    pm.Deterministic(name_lambda_t, tt.exp(lambda_t_log))

    return lambda_t_log



def lambda_t_with_linear_interp(
    change_points_list,
    pr_median_lambda_0,
    pr_sigma_lambda_0=0.5,
    model=None,
    name_lambda_t="lambda_t",
):
    """
    Parameters
    ----------
    change_points_list
    pr_median_lambda_0
    pr_sigma_lambda_0
    model : :class:`Cov19Model`
        if none, it is retrieved from the context

    Returns
    -------
    lambda_t_log

    TODO
    ----
    Documentation on this
    """
    log.info("Lambda_t linear in lin-space")
    # Get our default mode context
    model = modelcontext(model)

    # ?Get change points random variable?
    lambda_log_list, tr_time_list, tr_len_list = _make_change_point_RVs(
        change_points_list, pr_median_lambda_0, pr_sigma_lambda_0, model=model
    )

    # Build the time-dependent spreading rate
    lambda_t_list = [
        tt.exp(lambda_log_list[0]) * tt.ones(model.sim_shape)
    ]  # model.sim_shape = (time, state)
    lambda_log_before = lambda_log_list[0]

    # Loop over all lambda values and there corresponding transient values
    for tr_time, tr_len, lambda_log_after in zip(
        tr_time_list, tr_len_list, lambda_log_list[1:]
    ):
        # Create the right shape for the time array
        t = np.arange(model.sim_shape[0])

        # If the model is hierarchical repeatly add the t array to itself to match the shape
        if model.is_hierarchical:
            t = np.repeat(t[:, None], model.sim_shape[1], axis=-1)

        step_t = tt.clip((t - tr_time + tr_len / 2) / tr_len, 0, 1)

        # create the time series of lambda
        lambda_t = step_t * (tt.exp(lambda_log_after) - tt.exp(lambda_log_before))

        lambda_log_before = lambda_log_after
        lambda_t_list.append(lambda_t)

    # Sum up all lambda values from the list
    lambda_t_log = tt.log(sum(lambda_t_list))

    # Create responding lambda_t pymc3 variable with given name (from parameters)
    pm.Deterministic(name_lambda_t, tt.exp(lambda_t_log))

    return lambda_t_log


def _make_change_point_RVs(
    change_points_list,
    pr_median_lambda_0,
    pr_sigma_lambda_0=1,
    model=None,
    hierarchical=None,
    sigma_lambda_cp=None,
    sigma_lambda_week_cp=None,
    prefix_lambdas="",
    shape=None,
):
    """

    Parameters
    ----------
    priors_dict
    change_points_list
    model

    Returns
    -------

    TODO
    ----
        Documentation on this

        Add a way to name the changepoints
    """

    if shape is None:
        shape = model.shape_of_regions

    def hierarchical_mod():
        lambda_0_hc_L2_log, lambda_0_hc_L1_log = ut.hierarchical_normal(
            name_L1="lambda_0_hc_L1_log_",
            name_L2="lambda_0_hc_L2_log",
            name_sigma="sigma_lambda_0_hc_L1",
            pr_mean=np.log(pr_median_lambda_0),
            pr_sigma=pr_sigma_lambda_0,
            error_cauchy=False,
            shape=shape,
        )
        lambda_L1_log_list = []
        pm.Deterministic("lambda_0_hc_L2", tt.exp(lambda_0_hc_L2_log))
        pm.Deterministic("lambda_0_hc_L1", tt.exp(lambda_0_hc_L1_log))
        lambda_log_list.append(lambda_0_hc_L2_log)
        lambda_L1_log_list.append(lambda_0_hc_L1_log)

        # Create lambda_log list
        for i, cp in enumerate(change_points_list):
            if cp["relative_to_previous"]:
                if sigma_lambda_cp is None:
                    (
                        factor_lambda_cp_hc_L2_log,
                        factor_lambda_cp_hc_L1_log,
                    ) = ut.hierarchical_normal(
                        name_L1=f"factor_lambda_{i + 1}_hc_L1_log",
                        name_L2=f"factor_lambda_{i + 1}_hc_L2_log",
                        name_sigma=f"sigma_lambda_{i + 1}_hc_L1",
                        pr_mean=tt.log(cp["pr_factor_to_previous"]),
                        pr_sigma=cp["pr_sigma_lambda"],
                        error_cauchy=False,
                        shape=shape,
                    )
                    lambda_cp_hc_L2_log = (
                        lambda_log_list[-1] + factor_lambda_cp_hc_L2_log
                    )
                    lambda_cp_hc_L1_log = (
                        lambda_L1_log_list[-1] + factor_lambda_cp_hc_L2_log
                    )
                else:
                    if sigma_lambda_week_cp is None:
                        raise RuntimeError("sigma_lambda_week_cp needs also to be set")
                    factor_lambda_week_log = (
                        pm.Normal(
                            name=f"diff_lambda_w_raw_{i+1}", mu=0, sigma=1.0, shape=()
                        )
                    ) * sigma_lambda_week_cp
                    lambda_cp_hc_L1_log = (
                        lambda_L1_log_list[-1] + factor_lambda_week_log
                    )
                    pr_mean_lambda = lambda_log_list[-1] + factor_lambda_week_log
                    lambda_cp_hc_L2_log = (
                        (
                            pm.Normal(
                                name=f"diff_lambda_cw_raw_{i + 1}",
                                mu=pr_mean_lambda,
                                sigma=1.0,
                                shape=shape,
                            )
                        )
                        - pr_mean_lambda
                    ) * sigma_lambda_cp + pr_mean_lambda

            else:
                pr_mean_lambda = np.log(cp["pr_median_lambda"])

                lambda_cp_hc_L2_log, lambda_cp_hc_L1_log = ut.hierarchical_normal(
                    name_L1=f"lambda_{i + 1}_hc_L1_log",
                    name_L2=f"lambda_{i + 1}_hc_L2_log",
                    name_sigma=f"sigma_lambda_{i + 1}_hc_L1",
                    pr_mean=pr_mean_lambda,
                    pr_sigma=cp["pr_sigma_lambda"],
                    error_cauchy=False,
                    shape=shape,
                )
            pm.Deterministic(f"lambda_{i + 1}_hc_L2", tt.exp(lambda_cp_hc_L2_log))
            pm.Deterministic(f"lambda_{i + 1}_hc_L1", tt.exp(lambda_cp_hc_L1_log))
            lambda_log_list.append(lambda_cp_hc_L2_log)
            lambda_L1_log_list.append(lambda_cp_hc_L1_log)

        # Create transient time list
        dt_before = model.sim_begin

        if hierarchical == "only_lambda":
            for i, cp in enumerate(change_points_list):
                dt_begin_transient = cp["pr_mean_date_transient"]
                if dt_before is not None and dt_before > dt_begin_transient:
                    raise RuntimeError(
                        "Dates of change points are not temporally ordered"
                    )

                prior_mean = (dt_begin_transient - model.sim_begin).days
                tr_time = pm.Normal(
                    name=f"{prefix_lambdas}transient_day_{i + 1}",
                    mu=prior_mean,
                    sigma=cp["pr_sigma_date_transient"],
                    shape=shape,
                )
                tr_time_list.append(tr_time)
                dt_before = dt_begin_transient

            # Create transient length list
            for i, cp in enumerate(change_points_list):
                tr_len_raw = pm.Normal(
                    name=f"{prefix_lambdas}transient_len_{i + 1}_raw_",
                    mu=cp["pr_median_transient_len"],
                    sigma=cp["pr_sigma_transient_len"],
                    shape=shape,
                )
                pm.Deterministic(
                    f"{prefix_lambdas}transient_len_{i + 1}",
                    tt.nnet.softplus(tr_len_raw),
                )
                tr_len_list.append(tt.nnet.softplus(tr_len_raw))
        else:
            for i, cp in enumerate(change_points_list):
                dt_begin_transient = cp["pr_mean_date_transient"]
                if dt_before is not None and dt_before > dt_begin_transient:
                    raise RuntimeError(
                        "Dates of change points are not temporally ordered"
                    )
                prior_mean = (dt_begin_transient - model.sim_begin).days
                tr_time_L2, _ = ut.hierarchical_normal(
                    name_L1=f"transient_day_{i + 1}_hc_L1",
                    name_L2=f"transient_day_{i + 1}_hc_L2",
                    name_sigma=f"sigma_transient_day_{i + 1}_L1",
                    pr_mean=prior_mean,
                    pr_sigma=cp["pr_sigma_date_transient"],
                    error_fact=1.0,
                    error_cauchy=False,
                    shape=shape,
                )
                tr_time_list.append(tr_time_L2)
                dt_before = dt_begin_transient

            # Create transient len list
            for i, cp in enumerate(change_points_list):
                # if model.sim_ndim == 1:
                tr_len_L2_raw, tr_len_L1_raw = ut.hierarchical_normal(
                    name_L1=f"transient_len_{i + 1}_hc_L1_raw",
                    name_L2=f"transient_len_{i + 1}_hc_L2_raw",
                    name_sigma=f"sigma_transient_len_{i + 1}",
                    pr_mean=cp["pr_median_transient_len"],
                    pr_sigma=cp["pr_sigma_transient_len"],
                    error_fact=1.0,
                    error_cauchy=False,
                    shape=shape,
                )
                if tr_len_L1_raw is not None:
                    pm.Deterministic(
                        f"transient_len_{i + 1}_hc_L1", tt.nnet.softplus(tr_len_L1_raw)
                    )
                    pm.Deterministic(
                        f"transient_len_{i + 1}_hc_L2", tt.nnet.softplus(tr_len_L2_raw)
                    )
                else:
                    pm.Deterministic(
                        f"transient_len_{i + 1}", tt.nnet.softplus(tr_len_L2_raw)
                    )
                tr_len_list.append(tt.nnet.softplus(tr_len_L2_raw))

    def non_hierarchical_mod():
        lambda_0_log = pm.Normal(
            name=f"{prefix_lambdas}lambda_0_log_",
            mu=np.log(pr_median_lambda_0),
            sigma=pr_sigma_lambda_0,
            shape=shape,
        )
        pm.Deterministic(f"{prefix_lambdas}lambda_0", tt.exp(lambda_0_log))
        lambda_log_list.append(lambda_0_log)

        # Create lambda_log list
        for i, cp in enumerate(change_points_list):
            if cp["relative_to_previous"]:
                pr_mean_lambda = lambda_log_list[-1] + tt.log(
                    cp["pr_factor_to_previous"]
                )
                if sigma_lambda_cp is not None:
                    lambda_cp_log = (
                        pm.Normal(
                            name=f"{prefix_lambdas}lambda_{i + 1}_log_",
                            mu=pr_mean_lambda,
                            sigma=1.0,
                            shape=shape,
                        )
                        - pr_mean_lambda
                    ) * sigma_lambda_cp + pr_mean_lambda

                else:
                    lambda_cp_log = pm.Normal(
                        name=f"{prefix_lambdas}lambda_{i + 1}_log_",
                        mu=pr_mean_lambda,
                        sigma=cp["pr_sigma_lambda"],
                        shape=shape,
                    )
            else:
                pr_mean_lambda = np.log(cp["pr_median_lambda"])
                lambda_cp_log = pm.Normal(
                    name=f"{prefix_lambdas}lambda_{i + 1}_log_",
                    mu=pr_mean_lambda,
                    sigma=cp["pr_sigma_lambda"],
                    shape=shape,
                )
            pm.Deterministic(f"{prefix_lambdas}lambda_{i + 1}", tt.exp(lambda_cp_log))
            lambda_log_list.append(lambda_cp_log)

        # Create transient time list
        dt_before = model.sim_begin
        for i, cp in enumerate(change_points_list):
            dt_begin_transient = cp["pr_mean_date_transient"]
            if dt_before is not None and dt_before > dt_begin_transient:
                raise RuntimeError("Dates of change points are not temporally ordered")

            prior_mean = (dt_begin_transient - model.sim_begin).days
            tr_time = pm.Normal(
                name=f"{prefix_lambdas}transient_day_{i + 1}",
                mu=prior_mean,
                sigma=cp["pr_sigma_date_transient"],
                shape=shape,
            )
            tr_time_list.append(tr_time)
            dt_before = dt_begin_transient

        # Create transient length list
        for i, cp in enumerate(change_points_list):
            tr_len_raw = pm.Normal(
                name=f"{prefix_lambdas}transient_len_{i + 1}_raw_",
                mu=cp["pr_median_transient_len"],
                sigma=cp["pr_sigma_transient_len"],
                shape=shape,
            )
            pm.Deterministic(
                f"{prefix_lambdas}transient_len_{i + 1}", tt.nnet.softplus(tr_len_raw),
            )
            tr_len_list.append(tt.nnet.softplus(tr_len_raw))

    # ------------------------------------------------------------------------------ #
    # Start of function body
    # ------------------------------------------------------------------------------ #

    default_priors_change_points = dict(
        pr_median_lambda=pr_median_lambda_0,
        pr_sigma_lambda=pr_sigma_lambda_0,
        pr_sigma_date_transient=2,
        pr_median_transient_len=4,
        pr_sigma_transient_len=1,
        pr_mean_date_transient=None,
        relative_to_previous=False,
        pr_factor_to_previous=1,
    )

    for cp_priors in change_points_list:
        set_missing_priors_with_default(cp_priors, default_priors_change_points)

    model = modelcontext(model)
    lambda_log_list = []
    tr_time_list = []
    tr_len_list = []

    if hierarchical is None:
        hierarchical = model.is_hierarchical
    if hierarchical:
        hierarchical_mod()
    else:
        non_hierarchical_mod()

    return lambda_log_list, tr_time_list, tr_len_list


def _smooth_step_function(start_val, end_val, t_begin, t_end, t_total):
    """
    Instead of going from start_val to end_val in one step, make the change a
    gradual linear slope.

    Parameters
    ----------
        start_val : number
            Starting value

        end_val : number
            Target value

        t_begin : number or array (theano)
            Time point (inbetween 0 and t_total) where start_val is placed

        t_end : number or array (theano)
            Time point (inbetween 0 and t_total) where end_val is placed

        t_total : integer
            Total number of time points

    Returns
    -------
        : theano vector
            vector of length t_total with the values of the parameterised f(t)
    """
    t = np.arange(t_total)

    return (
        tt.clip((t - t_begin) / (t_end - t_begin), 0, 1) * (end_val - start_val)
        + start_val
    )




          

      

      

    

  

    
      
          
            
  Source code for covid19_inference.model.utility

# ------------------------------------------------------------------------------ #
# Helper functions that are used by other parts of the modeling
# ------------------------------------------------------------------------------ #

import platform
import logging
import theano
import theano.tensor as tt
import pymc3 as pm

from .model import *

log = logging.getLogger(__name__)

# workaround for macos, sufficient to do this once
if platform.system() == "Darwin":
    theano.config.gcc.cxxflags = "-Wno-c++11-narrowing"


[docs]def hierarchical_normal(
    pr_mean,
    pr_sigma,
    name_L1="delay_hc_L1",
    name_L2="delay_hc_L2",
    name_sigma="delay_hc_sigma",
    model=None,
    error_fact=2.0,
    error_cauchy=True,
    shape=None,
):
    r"""
    Implements an hierarchical normal model:

    .. math::

        x_\text{L1} &= Normal(\text{pr\_mean}, \text{pr\_sigma})\\
        y_{i, \text{L2}} &= Normal(x_\text{L1}, \sigma_\text{L2})\\
        \sigma_\text{L2} &= HalfCauchy(\text{error\_fact} \cdot \text{pr\_sigma})

    It is however implemented in a non-centered way, that the second line is changed to:

     .. math::

        y_{i, \text{L2}} &= x_\text{L1} +  Normal(0,1) \cdot \sigma_\text{L2}

    See for example https://arxiv.org/pdf/1312.0906.pdf


    Parameters
    ----------
    name_L1 : str
        Name under which :math:`x_\text{L1}` is saved in the trace.
    name_L2 : str
        Name under which :math:`x_\text{L2}` is saved in the trace. The non-centered distribution in addition
        saved with a suffix _raw added.
    name_sigma : str
        Name under which :math:`\sigma_\text{L2}` is saved in the trace.
    pr_mean : float
        Prior mean of :math:`x_\text{L1}`
    pr_sigma : float
        Prior sigma for :math:`x_\text{L1}` and (muliplied by ``error_fact``) for :math:`\sigma_\text{L2}`
    len_L2 : int
        length of :math:`y_\text{L2}`
    error_fact : float
        Factor by which ``pr_sigma`` is multiplied as prior for `\sigma_\text{L2}`
    error_cauchy : bool
        if False, a :math:`HalfNormal` distribution is used for :math:`\sigma_\text{L2}` instead of :math:`HalfCauchy`

    Returns
    -------
    y : :class:`~theano.tensor.TensorVariable`
        the random variable :math:`y_\text{L2}`
    x : :class:`~theano.tensor.TensorVariable`
        the random variable :math:`x_\text{L1}`
    """

    model = modelcontext(model)

    if shape is None:
        shape = model.shape_of_regions

    if not model.is_hierarchical:
        raise RuntimeError("Model is not hierarchical.")

    if error_cauchy:
        sigma_Y = (
            (pm.HalfCauchy(name_sigma, beta=1, transform=pm.transforms.log_exp_m1))
            * error_fact
            * pr_sigma
        )
    else:
        sigma_Y = (
            (pm.HalfNormal(name_sigma, sigma=1, transform=pm.transforms.log_exp_m1))
            * error_fact
            * pr_sigma
        )

    X = pm.Normal(name_L1, mu=pr_mean, sigma=pr_sigma)
    phi = pm.Normal(
        name_L2 + "_raw_", mu=0, sigma=1, shape=shape
    )  # (1-w**2)*sigma_X+1*w**2, shape=len_Y)
    Y = X + phi * sigma_Y
    pm.Deterministic(name_L2, Y)

    return Y, X



# utility.py
# names
# still do decide
def hierarchical_beta(name, name_sigma, pr_mean, pr_sigma, len_L2, model=None):

    model = modelcontext(model)

    if not model.is_hierarchical:  # not hierarchical
        Y = pm.Beta(name, alpha=pr_mean / pr_sigma, beta=1 / pr_sigma * (1 - pr_mean))
        X = None
    else:
        sigma_Y = pm.HalfCauchy(name_sigma + "_hc_L2", beta=pr_sigma)
        X = pm.Beta(
            name + "_hc_L1", alpha=pr_mean / pr_sigma, beta=1 / pr_sigma * (1 - pr_mean)
        )
        Y = pm.Beta(
            name + "_hc_L2", alpha=X / sigma_Y, beta=1 / sigma_Y * (1 - X), shape=len_L2
        )

    return Y, X


# utility.py
[docs]def tt_lognormal(x, mu, sigma):
    """
    Calculates a lognormal pdf for integer spaced x input.
    """
    x = tt.nnet.relu(x - 1e-12) + 1e-12  # clip values at 1e-12
    distr = 1 / x * tt.exp(-((tt.log(x) - mu) ** 2) / (2 * sigma ** 2))

    # normalize, add a small offset in case the sum is zero
    return distr / tt.sum(distr, axis=0) + 1e-8



[docs]def tt_gamma(x, mu=None, sigma=None, alpha=None, beta=None):
    """
    Calculates a gamma distribution pdf for integer spaced x input. Parametrized similarly to
    :class:`~pymc3.distributions.continuous.Gamma`
    """
    assert (alpha is None and beta is None) != (mu is None and sigma is None)
    if alpha is None and beta is None:
        alpha = mu ** 2 / sigma ** 2
        beta = mu / sigma ** 2
    x = tt.nnet.relu(x - 1e-12) + 1e-12  # clip values at 1e-12
    distr = beta ** alpha * x ** (alpha - 1) * tt.exp(-beta * x)

    # normalize, add a small offset in case the sum is zero
    return distr / tt.sum(distr, axis=0) + 1e-8





          

      

      

    

  

    
      
          
            
  Source code for covid19_inference.model.week_modulation

# ------------------------------------------------------------------------------ #
# Apply a weekly modulation to the reported cases. Less reports on the weekend
# ------------------------------------------------------------------------------ #

import logging

import theano
import theano.tensor as tt
import numpy as np
import pymc3 as pm

from .model import *
from . import utility as ut

log = logging.getLogger(__name__)


[docs]def week_modulation(
    cases,
    name_cases=None,
    name_weekend_factor="weekend_factor",
    name_offset_modulation="offset_modulation",
    week_modulation_type="abs_sine",
    pr_mean_weekend_factor=0.3,
    pr_sigma_weekend_factor=0.5,
    weekend_days=(6, 7),
    model=None,
):
    r"""
    Adds a weekly modulation of the number of new cases:

    .. math::
        \text{new\_cases} &= \text{new\_cases\_raw} \cdot (1-f(t))\,, \qquad\text{with}\\
        f(t) &= f_w \cdot \left(1 - \left|\sin\left(\frac{\pi}{7} t- \frac{1}{2}\Phi_w\right)\right| \right),

    if ``week_modulation_type`` is ``"abs_sine"`` (the default). If ``week_modulation_type`` is ``"step"``, the
    new cases are simply multiplied by the weekend factor on the days set by ``weekend_days``

    The weekend factor :math:`f_w` follows a Lognormal distribution with
    median ``pr_mean_weekend_factor`` and sigma ``pr_sigma_weekend_factor``. It is hierarchically constructed if
    the input is two-dimensional by the function :func:`hierarchical_normal` with default arguments.

    The offset from Sunday :math:`\Phi_w` follows a flat :class:`~pymc3.distributions.continuous.VonMises` distribution
    and is the same for all regions.

    Parameters
    ----------

    cases : :class:`~theano.tensor.TensorVariable`
        The input array of daily new cases, can be one- or two-dimensional
    name_cases : str or None,
        The name under which to save the cases as a trace variable.
        Default: None, cases are not stored in the trace.
    week_modulation_type : str
        The type of modulation, accepts ``"step"`` or  ``"abs_sine`` (the default).
    pr_mean_weekend_factor : float
        Sets the prior mean of the factor :math:`f_w` by which weekends are counted.
    pr_sigma_weekend_factor : float
        Sets the prior sigma of the factor :math:`f_w` by which weekends are counted.
    weekend_days : tuple of ints
        The days counted as weekend if ``week_modulation_type`` is ``"step"``
    model : :class:`Cov19Model`
        if none, it is retrieved from the context

    Returns
    -------

    new_cases : :class:`~theano.tensor.TensorVariable`

    """

    def step_modulation():
        """
        Helper function for the step modulation

        Returns
        -------
        modulation
        """
        modulation = np.zeros(shape_modulation[0])
        for i in range(shape_modulation[0]):
            date_curr = model.sim_begin + datetime.timedelta(days=i)
            if date_curr.isoweekday() in weekend_days:
                modulation[i] = 1
        return modulation

    def abs_sine_modulation():
        """
        Helper function for the absolute sin modulation

        Returns
        -------
        modulation
        """
        offset_rad = pm.VonMises(name_offset_modulation + "_rad", mu=0, kappa=0.01)
        offset = pm.Deterministic(name_offset_modulation, offset_rad / (2 * np.pi) * 7)
        t = np.arange(shape_modulation[0]) - model.sim_begin.weekday()  # Sunday @ zero
        modulation = 1 - tt.abs_(tt.sin(t / 7 * np.pi + offset_rad / 2))
        return modulation

    log.info("Week modulation")
    # Create our model context
    model = modelcontext(model)

    # Get the shape of the modulation from the shape of our simulation
    shape_modulation = list(model.sim_shape)
    # shape_modulation[0] -= model.diff_data_sim

    if not model.is_hierarchical:
        weekend_factor_log = pm.Normal(
            name=name_weekend_factor + "_log",
            mu=tt.log(pr_mean_weekend_factor),
            sigma=pr_sigma_weekend_factor,
        )
        weekend_factor = tt.exp(weekend_factor_log)
        pm.Deterministic(name_weekend_factor, weekend_factor)

    else:  # hierarchical
        weekend_factor_L2_log, weekend_factor_L1_log = ut.hierarchical_normal(
            name_L1=name_weekend_factor + "_hc_L1_log",
            name_L2=name_weekend_factor + "_hc_L2_log",
            name_sigma="sigma_" + name_weekend_factor,
            pr_mean=tt.log(pr_mean_weekend_factor),
            pr_sigma=pr_sigma_weekend_factor,
        )

        # We do that so we can use it later (same name as non hierarchical)
        weekend_factor_L1 = tt.exp(weekend_factor_L1_log)
        weekend_factor_L2 = tt.exp(weekend_factor_L2_log)
        pm.Deterministic(name_weekend_factor + "_hc_L1", weekend_factor_L1)
        pm.Deterministic(name_weekend_factor + "_hc_L2", weekend_factor_L2)
        weekend_factor = weekend_factor_L2

    # Different modulation types
    modulation = step_modulation() if week_modulation_type == "step" else 0
    modulation = abs_sine_modulation() if week_modulation_type == "abs_sine" else 0

    if model.is_hierarchical:
        modulation = tt.shape_padaxis(modulation, axis=-1)

    multiplication_vec = tt.abs_(
        np.ones(shape_modulation) - weekend_factor * modulation
    )

    new_cases_inferred_eff = cases * multiplication_vec

    if name_cases is not None:
        pm.Deterministic(name_cases, new_cases_inferred_eff)

    return new_cases_inferred_eff
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