

    
      
          
            
  
Welcome to stc_unicef_cpi’s documentation!

stc_unicef_cpi is a Python library for the open source data science for international development community
that estimates high-resolution, multi-dimensional child poverty using
DHS#1 (and soon MICS#2!) geocoded survey data.

The package was initially developed during DSSGxUK#3 22, in collaboration with Save the Children and UNICEF.

Check out the Getting started section for further information about how to begin, including Installation of the package.

Raw data used is explained in Data, methodology in Methodology (with sections on e.g. Data preparation etc.), and some
initial results are displayed in Results.

Information for contributors is available in Developer information.


Note

This project is under active development.
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Getting started


Installation

To use stc_unicef_cpi, first clone the repo:

(.venv) $ git clone git@github.com:DSSGxUK/s22_savethechildren.git





then inside the top-level directory of the repo, run

(.venv) $ pip install .





to allow imports from other python scripts.

We will publish to PyPI to allow direct installation shortly!



Getting data

To obtain the necessary data for a given country,
you can use the script make_dataset.py in ./src/stc_unicef_cpi/data.

This has the following command line arguments:

(.venv) $ python make_dataset.py --help
usage: High-res multi-dim CPI dataset creation [-h] [-c COUNTRY] [-r RESOLUTION] [--force] [--force-download] [--add-auto]

optional arguments:
-h, --help            show this help message and exit
-c COUNTRY, --country COUNTRY
                        Country to make dataset for, default is Nigeria
-r RESOLUTION, --resolution RESOLUTION
                        H3 resolution level, default is 7
--force               Force recreation of dataset, without redownloading unless necessary
--force-download, -fdl
                        Force (re)download of dataset
--add-auto            Generate autoencoder features also





The country argument uses a fuzzy search so don’t worry about getting the name exactly right!
We recommend using resolution 6 or 7, as these appear to be a reasonable tradeoff between high-resolution
and small survey sample sizes. We would caution that adding autoencoder features can take a considerable time
to both train and make predictions for full countries (especially without a GPU!), often for minimal improvement,
but in some cases can help considerably.



Training a model

Once the dataset has been created successfully, training a model is as simple as
running the script train_model.py in ./src/stc_unicef_cpi/model.

This has the following command line arguments:

(.venv) $ python train_model.py --help
usage: High-res multi-dim CPI model training [-h] [-d DATA] [--clean-name CLEAN_NAME] [--resolution RESOLUTION] [--threshold THRESHOLD] [--country COUNTRY] [--prefix PREFIX] [-ip {true,false}] [--universal-data-only {true,false}] [--copy-to-nbrs {true,false}] [--model {lgbm,automl,catboost}]
                                             [--test-size TEST_SIZE] [--nfolds NFOLDS] [--cv-type {normal,stratified,spatial}] [--eval-split-type {normal,stratified,spatial}]
                                             [--target {all,education,sanitation,housing,water,av-severity,av-prevalence,av-2-prevalence,health,nutrition,av-3-prevalence,av-4-prevalence}] [--target-transform {none,log,power}] [--ncores NCORES] [--impute {none,mean,median,knn,linear,rf}]
                                             [--standardise {none,standard,minmax,robust}] [--automl-warm-start] [--plot] [--ftr-impt] [--log-run] [--save-model]

optional arguments:
-h, --help            show this help message and exit
-d DATA, --data DATA  Pathway to data directory
--clean-name CLEAN_NAME
                        Name of clean dataset inside data directory
--resolution RESOLUTION, -res RESOLUTION
                        Resolution of h3 grid, defaults to 7
--threshold THRESHOLD, -thres THRESHOLD
                        Threshold for minimum number of surveys per hex, defaults to 30
--country COUNTRY     Choice of which country to use for training - options are 'all' in which case all currently available data is used, or the name of a specific country for which data is available
--prefix PREFIX       Prefix to name the saved models / checkpoints
-ip {true,false}, --interpretable {true,false}
                        Make model (more) interpretable - no matter other flags, use only base (non auto-encoder) features so can explain
--universal-data-only {true,false}, -univ {true,false}
                        Use only universal data (i.e. no country-specific data) - only applicable if --country!=all
--copy-to-nbrs {true,false}, -cp2nbr {true,false}
                        Use expanded dataset, where 'ground-truth' values are copied to neighbouring cells
--model {lgbm,automl,catboost}
                        Choice of model to train (and tune)
--test-size TEST_SIZE
                        Proportion of data to exclude for test evaluation, default is 0.2
--nfolds NFOLDS       Number of folds of training set for cross validation, default is 5
--cv-type {normal,stratified,spatial}
                        Type of CV to use, default is normal, choices are normal (fully random), stratified and spatial
--eval-split-type {normal,stratified,spatial}
                        Method to split test from training set, default is normal, choices are normal (fully random), stratified and spatial
--target {all,education,sanitation,housing,water,av-severity,av-prevalence,av-2-prevalence,health,nutrition,av-3-prevalence,av-4-prevalence}
                        Target variable to use for training, default is all, choices are 'all' (train separate model for each of the following), 'av-severity' (average number of deprivations / child), 'av-prevalence' (average proportion of children with at least one deprivation), 'av-2-prevalence' (average
                        proportion of children with at least two deprivations), proportion of children deprived in 'education', 'sanitation', 'housing', 'water'. May also pass 'health' or 'nutrition' but limited ground truth data increases model variance. Similarly may pass 'av-3-prevalence' or
                        'av-4-prevalence', but ~50pc of cell data is exactly zero for 3, and ~80pc for 4, so again causes modelling issues.
--target-transform {none,log,power}
                        Transform target variable(s) prior to fitting model - choices of none (default, leave raw), 'log', 'power' (Yeo-Johnson)
--ncores NCORES       Number of cores to use, defaults to 4
--impute {none,mean,median,knn,linear,rf}
                        Impute missing values prior to training, or leave as nan (default option)
--standardise {none,standard,minmax,robust}
                        Standardise feature data prior to fitting model, options are none (default, leave raw), standard (z-score), minmax (min-max normalisation to limit to 0-1 range), or robust (median and quantile version of z-score)
--automl-warm-start   When possible, use best model configuration found from previous runs to initialise hyperparameter search for each model.
--plot                Produce scatter plot(s) of predicted vs actual values on test set
--ftr-impt            Investigate final model feature importance using BorutaShap
--log-run             Use MLflow to log training run params + scores, by default in a /models/mlruns directory where /models is contained in same parent folder as args.data
--save-model          Save trained models (joblib pickled), by default in a /models directory contained in same parent folder as args.data






	If no argument is passed to --data, by default the script will look in ./data/processed,
where the output of make_dataset.py will save by default.


	If no argument is passed to --clean-name, by default the script will look for dataset files in this location
in the form (expanded_/hexes_)[country]_res[args.resolution]_thres[arg.threshold].csv, which again is the form
in which make_dataset.py outputs by default.


	As in make_dataset.py, default resolution is 7, and threshold is 30, then default country is ‘all’ (i.e. use all available data).


	--interpretable, --universal-data-only and copy-to-nbrs all have ‘true’ or ‘false’ as options, default being ‘false’.
Details are as in the help, and from initial experiments it would seem that naively expanding data does not generally improve
model performance, though it can for some cases.


	While LGBM and Catboost are listed as options for the model, these are not currently implemented suitably for all other arguments.
LGBM is included in the set of models for the automl option anyway, and catboost would be were it not for conflicts in other packages.
The default dataset only has a single categorical parameter, so catboost did not seem to outperform other alternatives hence this is
not a priority. AutoML here refers to FLAML#1 from Microsoft - a package for cost-efficient automatic hyperparameter tuning.


	The method for splitting both the test set from the overall dataset (--eval-split-type), and for splitting validation sets from the
train set (--cv-type) can be chosen separately to each other, from the options ‘normal’ (fully random),
‘stratified’ (using target values) and ‘spatial’ (using location information). This is important depending on how you want to evaluate
the model – in particular effectively as interpolation in areas (i.e. countries) where you have data (‘normal’ eval split best), or
generalisation to completely new areas, for which ‘spatial’ eval split is likely better. For splitting the training set on the other hand
it’s more important to just look at performance. We find that ‘spatial’ often seems to provide the best overall models, likely as it
finds more robust choices of hyperparameter.


	Due to minimal ground truth data, setting --target to ‘all’ (the default) will only actually train models for a subset of the
indices - in particular neglecting ‘health’ and ‘nutrition’. These neglected indices may still have models trained for them by
specific request. The metric for cross validation is chosen to be mean squared error, but in final evaluation MSE, MAE and R:sup:2
are all reported.


	If --impute is left as ‘none’ (the default), then currently errors may be thrown for some model choices. This is to be resolved.


	The argument --plot will also by default save figures in a ./data/figures directory, and as an artifact for MLflow if
--log-run is also passed.


	Other options are straightforward as described in the help text.


	All options can be tested for country choice of ‘all’, ‘nigeria’ and ‘senegal’ by running bash model_training.sh.


	If --log-run is specified, then MLflow will be used to log the run, including model parameters and some metrics (MAE, MSE, R:sup:2).
Currently this will save locally, in {args.data}/models/mlruns, such that you may navigate to {args.data}/models and run
mlflow ui to view the logs. Different models for different countries and different targets will be logged in separate experiments.






Making predictions

After running make_dataset.py and train_model.py with chosen parameters, predictions may then be made correspondingly
using predict_model.py, with the following command line arguments:

(.venv) $ python predict_model.py --help
usage: High-res multi-dim CPI pretrained model predictions [-h] [--country COUNTRY] [--data-dir DATA_DIR] [--model-dir MODEL_DIR] [-ip] [--universal-data-only {true,false}] [--model {lgbm,automl,catboost}] [--cv-type {normal,stratified,spatial}]
                                                         [--target {all,education,sanitation,housing,water,av-severity,av-prevalence,av-2-prevalence,health,nutrition,av-3-prevalence,av-4-prevalence}] [--impute {none,mean,median,knn,linear,rf}] [--standardise {none,standard,minmax,robust}]
                                                         [--target-transform {none,log,power}] [--copy-to-nbrs {true,false}] [--resolution RESOLUTION]

optional arguments:
  -h, --help            show this help message and exit
  --country COUNTRY     Choice of which country to predict for - options are 'all' (requiring a model trained on all available data), or the name of a specific country for which data and trained models are available
  --data-dir DATA_DIR   Pathway to processed data directory
  --model-dir MODEL_DIR
                        Pathway to pretrained model directory
  -ip, --interpretable  Make model (more) interpretable - no matter other flags, use only base (non auto-encoder) features so can explain
  --universal-data-only {true,false}, -univ {true,false}
                        Use only universal data (i.e. no country-specific data) - only applicable if --country!=all
  --model {lgbm,automl,catboost}
                        Choice of model to train (and tune)
  --cv-type {normal,stratified,spatial}
                        Type of CV to use, default is normal, choices are normal (fully random), stratified and spatial
  --target {all,education,sanitation,housing,water,av-severity,av-prevalence,av-2-prevalence,health,nutrition,av-3-prevalence,av-4-prevalence}
                        Target variable to use for training, default is all, choices are 'all' (train separate model for each of the following), 'av-severity' (average number of deprivations / child), 'av-prevalence' (average proportion of children with at least one deprivation), 'av-2-prevalence'
                        (average proportion of children with at least two deprivations), proportion of children deprived in 'education', 'sanitation', 'housing', 'water'. May also pass 'health' or 'nutrition' but limited ground truth data increases model variance. Similarly may pass 'av-3-prevalence' or
                        'av-4-prevalence', but ~50pc of cell data is exactly zero for 3, and ~80pc for 4, so again causes modelling issues.
  --impute {none,mean,median,knn,linear,rf}
                        Impute missing values prior to training, or leave as nan (default option)
  --standardise {none,standard,minmax,robust}
                        Standardise feature data prior to fitting model, options are none (default, leave raw), standard (z-score), minmax (min-max normalisation to limit to 0-1 range), or robust (median and quantile version of z-score)
  --target-transform {none,log,power}
                        Transform target variable(s) prior to fitting model - choices of none (default, leave raw), 'log', 'power' (Yeo-Johnson)
  --copy-to-nbrs {true,false}, -cp2nbr {true,false}
                        Use model trained on expanded dataset
  --resolution RESOLUTION, -res RESOLUTION
                        Resolution of h3 grid





Options selected must match suitably with runs for train_model.py, but predictions will be saved in {args.data}.parent / "predictions"
in the more generic form preds_{args.country}_res{args.resolution}_expanded-{args.copy_to_nbrs}.csv - as such, take care not to
overwrite older predictions if all are wanted for comparison. This was done to save memory (as performance metrics are already tracked
using MLflow), but may be changed in a future version.

For reproducing our initial results, follow the steps in Reproducing results.



Footnotes


	#1

	https://microsoft.github.io/FLAML/docs/Getting-Started







            

          

      

      

    

  

    
      
          
            
  
Reproducing results


Reproducing data

After obtaining necessary permissions for data access (particularly GEE, after which you will need to run earthengine authenticate
on the machine you are using to run the package), to produce all data for countries considered, first navigate to the data/
subpackage then run the script bash make_countries.sh.

The initial run will fail, as currently you will need to manually go to the Google Drive of the authenticated account, and
manually place all data in a external/gee directory within the top-level data/ directory. This will be fixed in the future.
Within your drive, the GEE data for each country should be placed in a gee/{country} directory for better organisation, but currently
on download the data for all countries should be placed in a single directory - this may change in future versions.
It may take some time for the GEE data to appear in your Drive - you can check the status of
tasks here#1.

Once all data is available locally, run bash make_countries.sh one more time, and on completion you should have all data necessary!



Reproducing models

Once the datasets have been created, to train models with the same pipeline as we used, for the same countries,
navigate to the models/ subpackage then simply run bash train_countries.sh.



Reproducing predictions

Finally to use these models to make all the predictions, then just run bash predict_countries.sh. By default these predictions
will be saved in the predictions/ directory within the top-level data/ directory of the repo.



Additional steps

Prediction intervals are not automatically generated as part of the pipeline. They will be incorporated soon, but in the meantime you
may follow steps as in ./notebooks/prediction_intervals.ipynb if desired.



Footnotes


	#1

	https://code.earthengine.google.com/tasks







            

          

      

      

    

  

    
      
          
            
  
Data


Demographic and Health Surveys (DHS)

Pass



Open Street Maps (OSM)

Pass



Google Earth Engine (GEE)

We used a wide selection of datasets from the GEE catalog.


Night-time lights data

Pass
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Methodology


Data preparation



Evaluation



Label transformation



Explainable ML pipeline



Footnotes



            

          

      

      

    

  

    
      
          
            
  
Results


Conclusions



Deliverables



Future work



Footnotes



            

          

      

      

    

  

    
      
          
            
  
DL steps

The principal deep learning avenue we explored for feature engineering was the use of autoencoding.
That is, to incorporate more information about the distribution of e.g. population or other bands from
the GeoTIFFs in our dataset, rather than simply mean aggregated values within each hexagon, we want to
reduce the dimension from that of the full image about a hexagon (e.g. 16x16 or 32x32) down to a chosen dimension,
while losing as little information as possible overall (such that we may reconstruct the image).

Autoencoders are one option for doing so, where we train an architecture to recover an image after reducing
(in the ‘encoder’ stage) to a small number of dimensions, by then ‘decoding’. After the network is trained, the
decoder may then be removed, and the encoded representations of the input ‘images’ (i.e. stacked bands of all GeoTIFFs
around the chosen location) used as a low-dimensional representation.

Comparing the quality of this representation to other conventional approaches such as PCA and UMAP using pyDRMetrics,
we find that the autoencoder performs significantly better, as we might hope, even when trained on only a small subset
of a country.

The simple architecture used is as follows:

Model: "autoencoder-v1"
_________________________________________________________________
Layer (type)                Output Shape              Param #
=================================================================
conv1 (Conv2D)              (None, 16, 16, 32)        17600
mp1 (MaxPooling2D)          (None, 8, 8, 32)          0
conv2 (Conv2D)              (None, 8, 8, 16)          4624
mp2 (MaxPooling2D)          (None, 4, 4, 16)          0
conv3 (Conv2D)              (None, 4, 4, 8)           1160
mp3 (MaxPooling2D)          (None, 2, 2, 8)           0
conv4 (Conv2D)              (None, 2, 2, 8)           584
Encoder_Output (MaxPooling2  (None, 2, 2, 8)          0
D)
conv5 (Conv2D)              (None, 2, 2, 8)           584
us1 (UpSampling2D)          (None, 2, 2, 8)           0
conv6 (Conv2D)              (None, 2, 2, 8)           584
us2 (UpSampling2D)          (None, 4, 4, 8)           0
conv7 (Conv2D)              (None, 4, 4, 16)          1168
us3 (UpSampling2D)          (None, 8, 8, 16)          0
conv8 (Conv2D)              (None, 8, 8, 32)          4640
us4 (UpSampling2D)          (None, 16, 16, 32)        0
Decoder_Output (Conv2D)     (None, 16, 16, 61)        17629
=================================================================
Total params: 48,573
Trainable params: 48,573
Non-trainable params: 0
_________________________________________________________________





An alternative approach would be more conventional feature extraction / transfer learning - for instance,
from FB RWI#1 paper:


We use a 50-layer resnet50 network (36), where pre-training is similar to Mahajan et. al.(32). This network is
trained on 3.5 billion public Instagram images (several orders of magnitude larger than the original Imagenet
dataset) to predict corresponding hashstags. We extract the 2048-dimensional vector from the penultimate layer of
the pre-trained network, without fine-tuningthe network weights. The satellite imagery has a native resolution of
0.58 meters/pixel. We downsample these images to 9.375m/pixel resolution by averaging each 16x16 block. The
downsampled images are segmented into 2.4km squares, then passed through the neural network. For each satellite
image, we do a forward-pass through the network to extract the 2048 nodes on the second-to-last layer. We then
apply PCA to this 2048-dimensional object and extract the first 100 components. The PCA eigenvectors are
computed from images in the training dataset (i.e., the images from the 56 countries with household surveys)




So basically just using Pytorch built-in pretrained resnet50 network.

Options to extend:


	Our idea that we may trial in future is to freeze the resnet, and then simply add trainable layers before and after before
performing end-to-end training. After this is completed, depending on performance the outputs prior to the new final layer
could be used as input features.





Footnotes
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	https://arxiv.org/pdf/2104.07761.pdf







            

          

      

      

    

  

    
      
          
            
  
Developer information


Getting started

To set up pre-commit to run, just pip install pre-commit, navigate to top-level directory, then run pre-commit install to be good to go.

Github workflow to automatically register issues from # TODO: comments already set up: for extra functionality see below.

While black will autoformat scripts on commit, if you want this to run locally you should pip install black[jupyter] to allow formatting of exploratory notebooks also.


Install locally

To allow import of functions locally through e.g. stc_unicef_cpi.subpkg.module, navigate to top-level directory then just run editable install (pip install -e .).




TODO Options

This section is copied from the original TODO repo README#1.

Unless specified otherwise, options should be on their own line, below the initial TODO declaration.


assignees:

Comma-separated list of usernames to assign to the issue.



labels:

Comma-separated list of labels to add to the issue. If any of the labels do not already exist, they will be created. The todo label is automatically added to issues to help the action efficiently retrieve them in the future.



milestone:

Milestone ID to assign to the issue. Only a single milestone can be specified and this must already have been created.



Other Options



Reference

As per the Google Style Guide#2, you can provide a reference after the TODO label. This will be included in the issue title for searchability.

def hello_world():
    # TODO(alstr) Come up with a more imaginative greeting
    print("Hello world!")





Don’t include parentheses within the identifier itself.




Project Organization

├── LICENSE
├── Makefile           <- Makefile with commands like `make data` or `make train`
├── README.md          <- The top-level README for developers using this project.
├── data
│   ├── external       <- Data from third party sources.
│   ├── interim        <- Intermediate data that has been transformed.
│   ├── processed      <- The final, canonical data sets for modeling.
│   └── raw            <- The original, immutable data dump.
│
├── docs               <- A default Sphinx project; see sphinx-doc.org for details
│
├── models             <- Trained and serialized models, model predictions, or model summaries
│
├── notebooks          <- Jupyter notebooks. Naming convention is a number (for ordering),
│                         the creator's initials, and a short `-` delimited description, e.g.
│                         `1.0-jqp-initial-data-exploration`.
│
├── references         <- Data dictionaries, manuals, and all other explanatory materials.
│
├── reports            <- Generated analysis as HTML, PDF, LaTeX, etc.
│   └── figures        <- Generated graphics and figures to be used in reporting
│
├── requirements.txt   <- The requirements file for reproducing the analysis environment, e.g.
│                         generated with `pip freeze > requirements.txt`
│
├── setup.cfg           <- makes project pip installable (pip install -e .) so src can be imported
├── src/stc_unicef_cpi                <- Source code for use in this project, see below for script details.
│   ├── data           <- Scripts to download or generate data
│   │
│   ├── features       <- Scripts to turn raw data into features for modeling
│   │
│   ├── models         <- Scripts to train models and then use trained models to make
│   │   │                 predictions
│   │
│   └── visualization  <- Scripts to create exploratory and results oriented visualizations
│
└── tox.ini            <- tox file with settings for running tox; see tox.readthedocs.io





Project based on the cookiecutter data science project template.



Script breakdown

Main package code is found in src/stc_unicef_cpi, with the structure

|-- data
|   |-- ResnetWithPCA.py <- Use pretrained Resnet to extract features, use PCA to compress
|   |-- cv_loaders.py <- Dataloaders for TIFF images, and cross validation utils (especially spatial)
|   |-- get_cell_tower_data.py <- Obtain cell tower data
|   |-- get_econ_data.py <- Obtain economic data (GDP, PPP, Elec. Consump.)
|   |-- get_facebook_data.py <- Obtain FB data (deprecated due to time and feature utility, but for audience info using marketing API)
|   |-- get_osm_data.py <- Obtain Open Street Maps data (specifically road density)
|   |-- get_satellite_data.py <- Obtain satellite data (from GEE)
|   |-- get_speedtest_data.py <- Obtain speedtest data (from Ookla)
|   |-- make_dataset.py <- Combine into model-ready dataset
|   |-- make_gee_dataset.py <- Obtain GEE data (deprecated, see `get_satellite_data.py`)
|   |-- process_geotiff.py <- Utils for processing GeoTIFF files
|   |-- process_netcdf.py <- Utils for NetCDF files
|   |-- process_to_torch.py <- (deprecated) dataloaders for PyTorch
|   `-- test_gee_data_download.js <- Example javascript file for code.earthengine.google.com
|-- features
|   |-- autoencoder_features.py <- Train an autoencoder on image dataset, use to extract features
|   `-- build_features.py <- (deprecated) construct additional features
|-- models
|   |-- inflated_vals_2stg.py <- Two-stage models for inflated values (classification followed by regression)
|   |-- lgbm_baseline.py <- LGBM baseline
|   |-- mobnet_TL.py <- MobNet transfer learning (future work)
|   |-- predict_model.py <- Make predictions
|   `-- train_model.py <- Train overall model
|-- utils
|   |-- constants.py <- Constants
|   |-- general.py <- General
|   |-- geospatial.py <- Geospatial specific
|   |-- mlflow_utils.py <- MLflow utils
|   `-- scoring.py <- Scoring metrics
`-- visualization
    `-- visualize.py <- Visualisation utils for model + predictions







Main components



Contribution guidelines


Developer docs


	Developer information







Footnotes


	#1

	https://github.com/alstr/todo-to-issue-action



	#2

	https://google.github.io/styleguide/cppguide.html#TODO_Comments







            

          

      

      

    

  

    
      
          
            
  
Developer information


Getting started

To set up pre-commit to run, just pip install pre-commit, navigate to top-level directory, then run pre-commit install to be good to go.

Github workflow to automatically register issues from # TODO: comments already set up: for extra functionality see below.

While black will autoformat scripts on commit, if you want this to run locally you should pip install black[jupyter] to allow formatting of exploratory notebooks also.


Install locally

To allow import of functions locally through e.g. stc_unicef_cpi.subpkg.module, navigate to top-level directory then just run editable install (pip install -e .).




TODO Options

This section is copied from the original TODO repo README#1.

Unless specified otherwise, options should be on their own line, below the initial TODO declaration.


assignees:

Comma-separated list of usernames to assign to the issue.



labels:

Comma-separated list of labels to add to the issue. If any of the labels do not already exist, they will be created. The todo label is automatically added to issues to help the action efficiently retrieve them in the future.



milestone:

Milestone ID to assign to the issue. Only a single milestone can be specified and this must already have been created.



Other Options



Reference

As per the Google Style Guide#2, you can provide a reference after the TODO label. This will be included in the issue title for searchability.

def hello_world():
    # TODO(alstr) Come up with a more imaginative greeting
    print("Hello world!")





Don’t include parentheses within the identifier itself.




Project Organization

├── LICENSE
├── Makefile           <- Makefile with commands like `make data` or `make train`
├── README.md          <- The top-level README for developers using this project.
├── data
│   ├── external       <- Data from third party sources.
│   ├── interim        <- Intermediate data that has been transformed.
│   ├── processed      <- The final, canonical data sets for modeling.
│   └── raw            <- The original, immutable data dump.
│
├── docs               <- A default Sphinx project; see sphinx-doc.org for details
│
├── models             <- Trained and serialized models, model predictions, or model summaries
│
├── notebooks          <- Jupyter notebooks. Naming convention is a number (for ordering),
│                         the creator's initials, and a short `-` delimited description, e.g.
│                         `1.0-jqp-initial-data-exploration`.
│
├── references         <- Data dictionaries, manuals, and all other explanatory materials.
│
├── reports            <- Generated analysis as HTML, PDF, LaTeX, etc.
│   └── figures        <- Generated graphics and figures to be used in reporting
│
├── requirements.txt   <- The requirements file for reproducing the analysis environment, e.g.
│                         generated with `pip freeze > requirements.txt`
│
├── setup.cfg           <- makes project pip installable (pip install -e .) so src can be imported
├── src/stc_unicef_cpi                <- Source code for use in this project, see below for script details.
│   ├── data           <- Scripts to download or generate data
│   │
│   ├── features       <- Scripts to turn raw data into features for modeling
│   │
│   ├── models         <- Scripts to train models and then use trained models to make
│   │   │                 predictions
│   │
│   └── visualization  <- Scripts to create exploratory and results oriented visualizations
│
└── tox.ini            <- tox file with settings for running tox; see tox.readthedocs.io





Project based on the cookiecutter data science project template.



Script breakdown

Main package code is found in src/stc_unicef_cpi, with the structure

|-- data
|   |-- ResnetWithPCA.py <- Use pretrained Resnet to extract features, use PCA to compress
|   |-- cv_loaders.py <- Dataloaders for TIFF images, and cross validation utils (especially spatial)
|   |-- get_cell_tower_data.py <- Obtain cell tower data
|   |-- get_econ_data.py <- Obtain economic data (GDP, PPP, Elec. Consump.)
|   |-- get_facebook_data.py <- Obtain FB data (deprecated due to time and feature utility, but for audience info using marketing API)
|   |-- get_osm_data.py <- Obtain Open Street Maps data (specifically road density)
|   |-- get_satellite_data.py <- Obtain satellite data (from GEE)
|   |-- get_speedtest_data.py <- Obtain speedtest data (from Ookla)
|   |-- make_dataset.py <- Combine into model-ready dataset
|   |-- make_gee_dataset.py <- Obtain GEE data (deprecated, see `get_satellite_data.py`)
|   |-- process_geotiff.py <- Utils for processing GeoTIFF files
|   |-- process_netcdf.py <- Utils for NetCDF files
|   |-- process_to_torch.py <- (deprecated) dataloaders for PyTorch
|   `-- test_gee_data_download.js <- Example javascript file for code.earthengine.google.com
|-- features
|   |-- autoencoder_features.py <- Train an autoencoder on image dataset, use to extract features
|   `-- build_features.py <- (deprecated) construct additional features
|-- models
|   |-- inflated_vals_2stg.py <- Two-stage models for inflated values (classification followed by regression)
|   |-- lgbm_baseline.py <- LGBM baseline
|   |-- mobnet_TL.py <- MobNet transfer learning (future work)
|   |-- predict_model.py <- Make predictions
|   `-- train_model.py <- Train overall model
|-- utils
|   |-- constants.py <- Constants
|   |-- general.py <- General
|   |-- geospatial.py <- Geospatial specific
|   |-- mlflow_utils.py <- MLflow utils
|   `-- scoring.py <- Scoring metrics
`-- visualization
    `-- visualize.py <- Visualisation utils for model + predictions







Main components
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        	module


      


      	
    stc_unicef_cpi.features.resnet_pca

      
        	module


      


      	
    stc_unicef_cpi.models

      
        	module, [1]


      


      	
    stc_unicef_cpi.models.inflated_vals_2stg

      
        	module


      


      	
    stc_unicef_cpi.models.lgbm_baseline

      
        	module


      


      	
    stc_unicef_cpi.models.mobnet_TL

      
        	module


      


      	
    stc_unicef_cpi.models.predict_model

      
        	module


      


      	
    stc_unicef_cpi.models.prediction_intervals

      
        	module


      


      	
    stc_unicef_cpi.models.train_model

      
        	module


      


      	
    stc_unicef_cpi.utils

      
        	module, [1]


      


      	
    stc_unicef_cpi.utils.constants

      
        	module


      


      	
    stc_unicef_cpi.utils.general

      
        	module


      


      	
    stc_unicef_cpi.utils.geospatial

      
        	module


      


      	
    stc_unicef_cpi.utils.mlflow_utils

      
        	module


      


      	
    stc_unicef_cpi.utils.scoring

      
        	module


      


      	
    stc_unicef_cpi.visualization

      
        	module, [1]


      


      	
    stc_unicef_cpi.visualization.visualize

      
        	module


      


      	StratifiedIntervalKFold (class in stc_unicef_cpi.data.cv_loaders)


      	StreamerObject (class in stc_unicef_cpi.data.stream_data)


  





T


  	
      	task_config() (stc_unicef_cpi.data.get_satellite_data.SatelliteImages method)


      	timing() (in module stc_unicef_cpi.utils.general)


  

  	
      	train_auto_encoder() (in module stc_unicef_cpi.features.get_autoencoder_features)


      	train_model() (in module stc_unicef_cpi.models.lgbm_baseline)


  





U


  	
      	unzip_file() (in module stc_unicef_cpi.utils.general)


  





Y


  	
      	yield_artifacts() (in module stc_unicef_cpi.utils.mlflow_utils)
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stc_unicef_cpi.data package


Submodules



stc_unicef_cpi.data.cv_loaders module


	
class stc_unicef_cpi.data.cv_loaders.HexSpatialKFold(n_splits=5, *, random_state=None, hex_idx=None)

	Bases: KFold

NB lightly modified version of GroupKFold
- new code takes hex codes passed and generates n_split suitable groups, rather than
requiring these to be passed along with X, y, as in original GroupKFold


	
get_even_clusters(X, n_clusters)

	




	
get_spatial_groups(X)

	




	
haversine(latlon1, latlon2)

	Calculate the great circle distance between two points
on the earth (specified in decimal degrees)






	
split(X: Union#1[DataFrame, ndarray], y: Optional#2[Union#3[Series, ndarray]] = None, groups: Optional#4[Union#5[Series, ndarray]] = None) → Iterator#6[Tuple#7[ndarray, ndarray]]

	Generate indices to split data into training and test set.


	Parameters

	
	X (Union[pd.DataFrame, np.ndarray]) – array-like of shape (n_samples, n_features)
Training data, where n_samples is the number of samples
and n_features is the number of features.


	y (Union[pd.Series, np.ndarray], optional) – array-like of shape (n_samples,),
The target variable for supervised learning problems, defaults to None


	groups (Union[pd.Series, np.ndarray], optional) – Spatial group labels for the samples used while splitting the dataset into
train/test set, defaults to None






	Returns

	Generator of tuples of train and test indices



	Return type

	Iterator[Tuple[np.ndarray, np.ndarray]]



	Yield

	Next set of train, test indices



	Return type

	Iterator[Tuple[np.ndarray, np.ndarray]]














	
class stc_unicef_cpi.data.cv_loaders.KerasDataGenerator(hex_idxs: ndarray, batch_size=32, dim=(16, 16), data_files: Optional#8[Union#9[List#10[str#11], List#12[Path#13]]] = None, shuffle=True)

	Bases: Sequence

Generates data for Keras


	
on_epoch_end()

	Updates indexes after each epoch










	
class stc_unicef_cpi.data.cv_loaders.StratifiedIntervalKFold(n_splits=5, *, n_cuts=5, shuffle=False, random_state=None)

	Bases: StratifiedKFold

NB lightly edited version of stratified KFold
- difference is just that class labels are generated using pd cut to make n_cuts even intervals
(to improve folds w inflated vals), rather than just using values themselves






	
stc_unicef_cpi.data.cv_loaders.cv_split(all_hex_idxs: ndarray, labels: ndarray, k: int#14, mode='normal', seed=42, strat_cuts=5)

	Generate k folds on (fixed order) hex dataset - either
fully random (normal), stratified by interval (stratified),
or spatially (spatial)
:param all_hex_idxs: Array of hex codes of dataset
:type all_hex_idxs: np.ndarray of type int
:param labels: corresponding target labels for these idxs
:type labels: np.ndarray of type int
:param k: Number of folds
:type k: int
:param mode: mode to generate folds, choice of [‘normal’,’stratified’,’spatial’]. Defaults to ‘normal’ (fully random)
:type mode: str, optional
:param seed: random seed, defaults to 42
:type seed: int, optional
:param strat_cuts: number of intervals to cut the data into for stratified CV, defaults to 5
:type strat_cuts: int, optional
:return: folds
:rtype: _type_







stc_unicef_cpi.data.get_cell_tower_data module

GET CELL TOWER DATA FROM OPEN CELL ID


	
stc_unicef_cpi.data.get_cell_tower_data.get_cell_data(country, save_path)

	get_cell_data _summary_
:param country: _description_
:type country: _type_
:param token: _description_
:type token: _type_
:return: _description_
:rtype: _type_






	
stc_unicef_cpi.data.get_cell_tower_data.get_opencell_url(country, token)

	Get Open Cell Id data
:param country: _description_
:type country: _type_
:param token: _description_
:type token: _type_
:return: _description_
:rtype: _type_







stc_unicef_cpi.data.get_drive_data module


	
stc_unicef_cpi.data.get_drive_data.download_from_drive_folder(country, folder_id, scopes=['https://www.googleapis.com/auth/drive.readonly'])

	Download content from google drive folder containing google earth engine images
:param folder_id: folder id, retrievable from the url
:type folder_id: str
:param scopes: _description_, defaults to [’https://www.googleapis.com/auth/drive.readonly’]
:type scopes: list, optional







stc_unicef_cpi.data.get_econ_data module

Download econ and facilities data


	
stc_unicef_cpi.data.get_econ_data.download_econ_data(out_dir)

	Download economic data
:param out_dir: path to output directory, defaults to c.econ_data
:type out_dir: str, optional






	
stc_unicef_cpi.data.get_econ_data.get_data_from_calibrated_nighttime(url, out_dir, dir)

	Get data from calibrated nighttime light data,
dataset authored by Jiandong Chen, Ming Gao
:param url: url of data to download
:type url: str
:param out_dir: path to output directory
:type out_dir: str
:param dir: path to specific data type
:type dir: str







stc_unicef_cpi.data.get_facebook_data module

GET DELIVERY ESTIMATES FROM FACEBOOK MARKETING API


	
stc_unicef_cpi.data.get_facebook_data.define_params(lat, lon, radius, opt)

	Define search parameters


	Parameters

	
	lat (str#15) – latitude


	long (str#16) – longitude


	radius (float#17) – radius


	opt (string) – optimization criteria













	
stc_unicef_cpi.data.get_facebook_data.delivery_estimate(account, lat, long, radius, opt)

	




	
stc_unicef_cpi.data.get_facebook_data.fb_api_init(token, id)

	Init Facebook API


	Parameters

	
	token – Access token


	id – Account id






	Returns

	api and account connection



	Return type

	conn










	
stc_unicef_cpi.data.get_facebook_data.get_facebook_estimates(coords, out_dir, name_out, res)

	Get delivery estimates from a lists of coordinates


	Returns

	



	Return type

	










	
stc_unicef_cpi.data.get_facebook_data.point_delivery_estimate(account, lat, lon, radius, opt)

	Point delivery estimate
:return: _description_
:rtype: _type_







stc_unicef_cpi.data.get_osm_data module


	
stc_unicef_cpi.data.get_osm_data.add_neighboring_hexagons(hex_codes, hex_code_col='hex_code')

	Get all hexagons and their respective coordinates
:param hex_codes: list of hexagons codes
:type hex_codes: list
:return: hex_codes and geometry of polygons
:rtype: list






	
stc_unicef_cpi.data.get_osm_data.assign_cluster(results, country, res, lat='@lat', long='@lon', hex_code_col='hex_code')

	Assign H3 cluster with a specified resolution
:param results: dataframe with central point of the road lat, lon, length, type_road
:type results: dataframe
:param country: country of interest
:type country: str
:param res: resolution
:type res: int
:returns: hexes with road length
:rtype: dataframe






	
stc_unicef_cpi.data.get_osm_data.assign_road_length_to_hex(coords)

	Query the input though Overpass to get road length
:param coords: coordinates of polygon
:type coords: list
:returns:lat, lon, length and type of highway
:rtype: dataframe






	
stc_unicef_cpi.data.get_osm_data.format_polygon_coords(geometry)

	Format the coordinates for Overpass
:param geometry: string of polygon
:type geometry: str
:return: formatted string
:rtype: str






	
stc_unicef_cpi.data.get_osm_data.get_osm_info(query_osm_road)

	Parse query through Overpass to access Open Street
:param query_osm_road: string of a query
:type query_osm_road: str
:returns: return dataframe with data accessed
:rtype: dataframe






	
stc_unicef_cpi.data.get_osm_data.get_road_density(country, res)

	Get road density
:param country: country of interest
:type country: str
:param res: grid resolution
:type res: int
:return: road density at hex level
:rtype: dataframe






	
stc_unicef_cpi.data.get_osm_data.query_osm_road(coords, elem='way')

	Build query to access lat, long, lengths and type of roads in a polygon
:param geometry: string of polygon
:type geometry: str
:param elem: specify whether you want ways or also nodes and relations
:returns: string of the query
:rtype: str







stc_unicef_cpi.data.get_satellite_data module


	
class stc_unicef_cpi.data.get_satellite_data.SatelliteImages(country, folder='gee', res=500, start='2010-01-01', end='2020-01-01')

	Bases: object#18

Get Satellite Images From Google Earth Engine


	
export_drive(config) → dict#19

	Export tiff file into drive
:param config: Configuration of output tiff
:type config: dictionary






	
get_copernicus_data(transform, proj, ctry, geo, start_date, end_date, name='cpi_cop_land') → dict#20

	Get status and evolution of land surface at global scale
:param transform: transform between projected coordinates and the base coordinate system
:type transform: list
:param proj: the base coordinate reference system
:type proj: object
:param ctry: country of interest
:type ctry: str
:param geo: dissolved geometry of all features in the collection
:type geo: geometry
:param start_date: starting date
:type start_date: str
:param end_date: ending date
:type end_date: str
:param name: name of file, defaults to “cpi_cop_land”
:type name: str, optional
:return: task status
:rtype: dictionary






	
get_country_boundaries()

	Get countries boundaries






	
get_healthcare_data(transform, proj, ctry, geo, name='cpi_health_acc') → dict#21

	Get health care data
:param transform: transform between projected coordinates and the base coordinate system
:type transform: list
:param proj: the base coordinate reference system
:type proj: object
:param ctry: country of interest
:type ctry: str
:param geo: dissolved geometry of all features in the collection
:type geo: geometry
:param name: name of file, defaults to “cpi_health_acc”
:type name: str, optional
:return: task status
:rtype: dictionary






	
get_land_use_data(transform, proj, ctry, geo, name='cpi_ghsl') → dict#22

	Get land use data
:param transform: transform between projected coordinates and the base coordinate system
:type transform: list
:param proj: the base coordinate reference system
:type proj: object
:param ctry: country of interest
:type ctry: str
:param geo: dissolved geometry of all features in the collection
:type geo: geometry
:param name: name of file, defaults to “cpi_ghsl”
:type name: str, optional
:return: task status
:rtype: dictionary






	
get_ndvi_data(transform, proj, ctry, geo, start_date, end_date, name='cpi_ndvi') → dict#23

	Get Normalized Difference Vegetation Index 
:param transform: transform between projected coordinates and the base coordinate system
:type transform: list
:param proj: the base coordinate reference system
:type proj: object
:param ctry: country of interest
:type ctry: str
:param geo: dissolved geometry of all features in the collection
:type geo: geometry
:param start_date: starting date
:type start_date: str
:param end_date: ending date
:type end_date: str
:param name: name of file, defaults to “cpi_ndwi”
:type name: str, optional
:return: task status
:rtype: dictionary






	
get_ndwi_data(transform, proj, ctry, geo, start_date, end_date, name='cpi_ndwi') → dict#24

	Get Normalized Difference Water Index (NDWI)
:param transform: transform between projected coordinates and the base coordinate system
:type transform: list
:param proj: the base coordinate reference system
:type proj: object
:param ctry: country of interest
:type ctry: str
:param geo: dissolved geometry of all features in the collection
:type geo: geometry
:param start_date: starting date
:type start_date: str
:param end_date: ending date
:type end_date: str
:param name: name of file, defaults to “cpi_ndwi”
:type name: str, optional
:return: task status
:rtype: dictionary






	
get_nighttime_data(transform, proj, ctry, geo, start_date, end_date, name='cpi_nighttime') → dict#25

	Get nighttime data
:param transform: transform between projected coordinates and the base coordinate system
:type transform: list
:param proj: the base coordinate reference system
:type proj: object
:param ctry: country of interest
:type ctry: str
:param geo: dissolved geometry of all features in the collection
:type geo: geometry
:param start_date: starting date
:type start_date: str
:param end_date: ending date
:type end_date: str
:param name: name of file, defaults to “cpi_ndwi”
:type name: str, optional
:return: task status
:rtype: dictionary






	
get_pollution_data(transform, proj, ctry, geo, start_date, end_date, name='cpi_pollution') → dict#26

	Get pollution data
:param transform: transform between projected coordinates and the base coordinate system
:type transform: list
:param proj: the base coordinate reference system
:type proj: object
:param ctry: country of interest
:type ctry: str
:param geo: dissolved geometry of all features in the collection
:type geo: geometry
:param start_date: starting date
:type start_date: str
:param end_date: ending date
:type end_date: str
:param name: name of file, defaults to “cpi_ndwi”
:type name: str, optional
:return: task status
:rtype: dictionary






	
get_pop_data(transform, proj, geo, name='cpi_poptotal') → dict#27

	Get 2020 population estimates in country, by age and sex
:param transform: transform between projected coordinates and the base coordinate system
:type transform: list
:param proj: the base coordinate reference system
:type proj: object
:param geo: dissolved geometry of all features in the collection
:type geo: geometry
:param name: name of file, defaults to “cpi_poptotal”
:type name: str, optional
:return: task status
:rtype: dictionary






	
get_precipitation_data(transform, proj, ctry, geo, start_date, end_date) → dict#28

	Get precipitation data
:param transform: transform between projected coordinates and the base coordinate system
:type transform: list
:param proj: the base coordinate reference system
:type proj: object
:param ctry: country of interest
:type ctry: str
:param geo: dissolved geometry of all features in the collection
:type geo: geometry
:param start_date: starting date
:type start_date: str
:param end_date: ending date
:type end_date: str
:return: task status
:rtype: dictionary






	
get_projection()

	Get country’s transform between projected coordinates and the base coordinate system
:return: the transform, the base coordinate reference system
:rtype: List, Object






	
get_satellite_images() → None#29

	Get satellite images






	
get_topography_data(transform, proj, ctry, geo)

	Get topography data
:param transform: transform between projected coordinates and the base coordinate system
:type transform: list
:param proj: the base coordinate reference system
:type proj: object
:param ctry: country of interest
:type ctry: str
:param geo: dissolved geometry of all features in the collection
:type geo: geometry
:return: task status
:rtype: dictionary






	
task_config(geo, name, image, transform, proj) → dict#30

	Determine countries parameters











stc_unicef_cpi.data.get_speedtest_data module


	
stc_unicef_cpi.data.get_speedtest_data.get_speedtest_info(url, name, path_save) → None#31

	Get speedtest information
:param url: url needed to retrieve information
:type url: str
:param name: name of the file we want to retrieve
:type name: str
:param path_save: directory to save information
:type path_save: str
:raises ValueError: unable to retrieve data message






	
stc_unicef_cpi.data.get_speedtest_data.get_speedtest_url(service_type, year, q) → str#32

	Get Speed Test Url From Ookla
:param service_type: type of network performance
:type service_type: str
:param year: year
:type year: int
:param q: quarter
:type q: int
:return: url, name
:rtype: str






	
stc_unicef_cpi.data.get_speedtest_data.prep_tile(data, name, path_save) → None#33

	Prepare tile for further preprocessing
:param data: data containing information related to speed test
:type data: dataframe
:param name: name of file
:type name: str







stc_unicef_cpi.data.make_dataset module


	
stc_unicef_cpi.data.make_dataset.aggregate_dataset(df) → DataFrame

	Aggregate dataset
:param df: input required to aggregate
:type df: dataframe
:return: agg mean, agg count
:rtype: dataframe, dataframe






	
stc_unicef_cpi.data.make_dataset.append_features_to_hexes(country, res, encoders, gpu, force=False, force_download=False, audience=False, read_dir=None, save_dir=None, model_dir=None, tiff_dir=None, hyper_tuning=False) → DataFrame

	Append features to hexagons withing a country
:param country: country of interest
:type country: str
:param res: grid resolution
:type res: int
:param encoders: whether to append autoencoder features
:type encoders: bool
:param gpu: whether to use gpus or not
:type gpu: bool
:param force: force clipping, defaults to False
:type force: bool, optional
:param force_download: force download, defaults to False
:type force_download: bool, optional
:param audience: whether or not to include audience estimates, defaults to False
:type audience: bool, optional
:param read_dir: path to read input, defaults to c.ext_data
:type read_dir: str, optional
:param save_dir: path to save output, defaults to c.int_data
:type save_dir: str, optional
:param model_dir: path to model, defaults to c.base_dir_model
:type model_dir: str, optional
:param tiff_dir: path to tiff files, defaults to c.tiff_data
:type tiff_dir: str, optional
:param hyper_tuning: whether or not to perform hyperparameter tuning, defaults to False
:type hyper_tuning: bool, optional
:return: hexes with corresponding features
:rtype: dataframe






	
stc_unicef_cpi.data.make_dataset.change_name_reproject_tiff(tiff, attribute, country, read_dir=None, out_dir=None) → None#34

	Rename attributes and reprojection of Tiff file
:param tiff: path to tiff file
:type tiff: str
:param attributes: attributes names
:type attributes: list of lists
:param country: contry of interest
:type country: str
:param read_dir: path to read external data from, defaults to c.ext_data
:type read_dir: str, optional






	
stc_unicef_cpi.data.make_dataset.create_dataset(country_code, country, res, gpu=False, encoders=True, force=False, force_download=False, audience=False, hyper_tuning=True, lat='latnum', long='longnum', interim_dir=None, save_dir=None, model_dir=None, threshold=30, read_dir_target=None, read_dir=None, tiff_dir=None) → DataFrame

	Create dataset
:param country_code: country code
:type country_code: str
:param country: country of interest
:type country: str
:param res: grid resolution
:type res: int
:param gpu: whether to use gpus or not
:type gpu: bool
:param encoders: whether to append autoencoder features
:type encoders: bool
:param force: force clipping, defaults to False
:type force: bool, optional
:param force_download: force download, defaults to False
:type force_download: bool, optional
:param audience: whether or not to include audience estimates, defaults to False
:type audience: bool, optional
:param hyper_tuning: whether or not to perform hyperparameter tuning, defaults to False
:type hyper_tuning: bool, optional
:param lat: colname containing latitude, defaults to “latnum”
:type lat: str, optional
:param long: colname containing longitude, defaults to “longnum”
:type long: str, optional
:param interim_dir: path to interim data, defaults to c.int_data
:type interim_dir: str, optional
:param read_dir: path to read input, defaults to c.ext_data
:type read_dir: str, optional
:param save_dir: path to save output, defaults to c.proc_data
:type save_dir: str, optional
:param model_dir: path to model, defaults to c.base_dir_model
:type model_dir: str, optional
:param tiff_dir: path to tiff files, defaults to c.tiff_data
:type tiff_dir: str, optional
:param threshold: minimum number of surveys per hexagon, defaults to c.cutoff
:type threshold: int, optional
:param read_dir_target: path to directory of target data, defaults to c.raw_data
:type read_dir_target: str, optional
:return: dataset with features and target variable
:rtype: dataframe






	
stc_unicef_cpi.data.make_dataset.create_target_variable(country_code, res, lat, long, threshold, read_dir, copy_to_nbrs=False) → DataFrame

	Create target variable
:param country_code: country code related to country of interest
:type country_code: str
:param res: resolution of country of interest
:type res: int
:param lat: latitude of country of interest
:type lat: numeric
:param long: longitude of country of interest
:type long: numeric
:param threshold: minimal number of surveys per hexagon
:type threshold: int
:param read_dir: directory from where to read dataset
:type read_dir: str
:param copy_to_nbrs: include neighbouring resolution, defaults to False
:type copy_to_nbrs: bool, optional
:raises ValueError: no raw survey data available
:return: dataset with observations satisfying conditions
:rtype: dataframe






	
stc_unicef_cpi.data.make_dataset.preprocessed_commuting_zones(country, res, read_dir=None) → DataFrame

	Preprocess commuting zones
:param country: country of interest
:type country: str
:param res: grid resolution
:type res: int
:param read_dir: path to read data from, defaults to c.ext_data
:type read_dir: str, optional
:return: processed information of commuting zones
:rtype: dataframe






	
stc_unicef_cpi.data.make_dataset.preprocessed_speed_test(speed, res, country) → DataFrame

	Processing speed test data
:param speed: dataset containing speed test data
:type speed: dataframe
:param res: grid resolution
:type res: int
:param country: country of interest
:type country: str
:return: clipped speed data to country, reprojected and aggregated
:rtype: dataframe






	
stc_unicef_cpi.data.make_dataset.preprocessed_tiff_files(country, read_dir=None, out_dir=None, force=False) → None#35

	Preprocess tiff files


	Parameters

	
	country (str#36) – country of interest


	read_dir (str#37, optional) – path to read data from, defaults to c.ext_data


	out_dir (str#38, optional) – path to save data, defaults to c.int_data


	force (bool#39, optional) – force clipping, defaults to False













	
stc_unicef_cpi.data.make_dataset.read_input_unicef(path_read) → DataFrame

	Read source data provided by STC and UNICEF
:param path_read: path to read data from
:type path_read: str
:return: database with target variable
:rtype: dataframe






	
stc_unicef_cpi.data.make_dataset.select_country(df, country_code, lat, long) → DataFrame

	Select country of interest
:param df: input provided by UNICEF and STC
:type df: dataframe
:param country_code: country code
:type country_code: str
:param lat: colname containing latitude measures
:type lat: numerical
:param long: colname containing longitude measures
:type long: numerical
:return: database with info related to country of interest
:rtype: dataframe







stc_unicef_cpi.data.process_geotiff module


	
stc_unicef_cpi.data.process_geotiff.agg_tif_to_df(df: ~pandas.core.frame.DataFrame, tiff_dir: ~typing.Union[str, ~os.PathLike, ~typing.List[str], ~typing.List[~os.PathLike]], rm_prefix: ~typing.Union[str, ~typing.Pattern[str]] = 'cpi', agg_fn: ~typing.Callable[[~numpy.ndarray[~typing.Any, ~numpy.dtype[~numpy._typing._generic_alias.ScalarType]]], ~numpy.ndarray[~typing.Any, ~numpy.dtype[~numpy._typing._generic_alias.ScalarType]]] = <function mean>, max_records: int = 100000, replace_old: bool = True, resolution: int = 7, verbose: bool = False) → DataFrame

	Pass df with hex_code column of numpy_int type h3 codes,
and a directory with tiff files, then aggregate pixels from tiffs
within each hexagon according to given function.

Note that rather than using shapefiles, this uses pixel centroid
values, hence different quantities of pixels may be aggregated
in each hexagon, and it will not work sensibly at all if the
resolution of the tiff file is lower than the resolution of
the specified hexagons.


	Parameters

	
	df (pd.DataFrame) – ‘ground truth’ dataframe to aggregate tiffs to,
with hex_code column at specified resolution


	tiff_dir (Union[str#40, PathLike]) – Either directory containing .tifs, a
single .tif file, or a list of .tif
files to aggregate to given df


	rm_prefix (Union[str#41, Pattern[str#42]], optional) – Prefix or regex pattern to remove from file string when naming variables,
defaults to “cpi”


	agg_fn (Callable[[npt.NDArray], npt.NDArray], optional) – Function to use when aggregating tiff pixels within cells,
defaults to np.mean


	max_records (int#43, optional) – Max number of pixels in clipped tiff before using dask,
defaults to int(1e5)


	replace_old (bool#44, optional) – Overwrite old columns if match new data,
defaults to True


	resolution (int#45, optional) – Resolution level of h3 grid to use, defaults to 7


	verbose (bool#46, optional) – Verbose output, defaults to False






	Raises

	ValueError#47 – hex_code column not in df



	Returns

	Original dataframe with new columns added from aggregated values of tiffs in hexes



	Return type

	pd.DataFrame










	
stc_unicef_cpi.data.process_geotiff.clip_tif_to_ctry(file_path: Union#48[PathLike#49, str#50], ctry_name: str#51, save_dir: Optional#52[Union#53[PathLike#54, str#55]] = None) → None#56

	Clip a GeoTIFF to a specified country boundary,
and write a new file to the specified directory if given,
else just plot the clipped tiff. File name is prepended
with the country name.


	Parameters

	
	file_path (Union[PathLike,str#57]) – Path to file to clip


	ctry_name (str#58) – Name of country to clip to


	save_dir (Optional[Union[PathLike,str#59]], optional) – Path to directory to save to, defaults to None (just plot)













	
stc_unicef_cpi.data.process_geotiff.convert_tiffs_to_image_dataset(tiff_dir: Union#60[str#61, PathLike#62], hex_codes: Union#63[List#64[int#65], ndarray[Any#66, dtype[Union#67[int32, int64]]]], dim_x: int#68 = 256, dim_y: int#69 = 256) → ndarray[Any#70, dtype[ScalarType]]

	Convert set of GeoTIFFs to a 4D numpy array according
to specified dataset - expect the path to a directory
containing all relevant GeoTIFFs with extension ‘.tif’,
and a list of h3 hexagon identifiers in numpy_int form
(use import h3.api.numpy_int as h3).

Returned array is in form (hex_id, band, i, j), with
i, j through the band image array defaulting to size
256 x 256, as specified by dim_x, dim_y.


	Parameters

	
	tiff_dir (Union[str#71, PathLike]) – Path to GeoTIFF directory, with file
extensions ‘.tif’


	hex_codes (Union[List[int#72], npt.NDArray[Union[np.int32,np.int64]]]) – Set of H3 hex codes for which you wish to extract images


	dim_x (int#73, optional) – Pixel width of extracted images, defaults to 256


	dim_y (int#74, optional) – Pixel height of extracted images, defaults to 256






	Returns

	Array of images at hex coords, in shape (hex_id, band, i, j)



	Return type

	npt.NDArray










	
stc_unicef_cpi.data.process_geotiff.extract_image_at_coords(dataset: Union#75[Dataset, DataArray, List#76[Dataset], DatasetReader], lat: float#77, long: float#78, dim_x: int#79 = 256, dim_y: int#80 = 256, verbose: bool#81 = False) → ndarray[Any#82, dtype[ScalarType]]

	Extract an array of specified dimensions (num pixels) about
specified lat/long - centered by default


	Parameters

	
	dataset (Union[Dataset, DataArray, List[Dataset], rasterio.io.DatasetReader]) – rioxarray or rasterio dataset (open tiff file)


	lat (float#83) – Latitude of center point about which to extract image


	long (float#84) – Longitude of center point about which to extract image


	dim_x (int#85, optional) – x dimension (pixel width) of extracted image, defaults to 256


	dim_y (int#86, optional) – y dimension (pixel height) of extracted image, defaults to 256


	verbose (bool#87, optional) – Verbose, defaults to False






	Returns

	Array of tiff values (‘image’) at specified coordinates, of given size



	Return type

	npt.NDArray










	
stc_unicef_cpi.data.process_geotiff.extract_ims_from_hex_codes(datasets: Union#88[List#89[str#90], List#91[PathLike#92]], hex_codes: Union#93[List#94[int#95], ndarray[Any#96, dtype[Union#97[int32, int64]]]], width: int#98 = 256, height: int#99 = 256, verbose: bool#100 = False) → ndarray[Any#101, dtype[ScalarType]]

	For a set of datasets, specified by file path, and
a set of h3 hex codes, extract centered
images of specified size and return a 4D array
in shape (image_idx,band,i,j).


	Parameters

	
	datasets (Union[List[str#102], List[PathLike]]) – List of paths to tiff files for which you want to extract (and stack) ‘image’ bands


	hex_codes (Union[List[int#103], npt.NDArray[Union[np.int32,np.int64]]]) – Set of H3 hex codes in numpy_int format for which you wish to extract images


	width (int#104, optional) – Width of extracted images in pixels, defaults to 256


	height (int#105, optional) – Height of extracted images in pixels, defaults to 256


	verbose (bool#106, optional) – Verbose, defaults to False






	Returns

	Extracted images in shape (image_idx,band,i,j)



	Return type

	npt.NDArray










	
stc_unicef_cpi.data.process_geotiff.geotiff_to_df(geotiff_filepath: Union#107[str#108, PathLike#109], spec_band_names: Optional#110[List#111[str#112]] = None, max_bands: int#113 = 5, rm_prefix: Union#114[str#115, Pattern#116[str#117]] = '', verbose: bool#118 = False) → DataFrame

	Convert a geotiff file to a pandas dataframe,
and print some additional info.


	Parameters

	
	geotiff_filepath (Union[str#119, PathLike]) – path to a geotiff file


	spec_band_names (Optional[List[str#120]], optional) – Specified band names - only used
if these are not specified in
the GeoTIFF itself, at which
point they are mandatory, defaults to None


	max_bands (Optional[int#121], optional) – Max allowable bands before requires use of rast_to_agg_df, defaults to 5


	rm_prefix (Union[str#122, Pattern[str#123]], optional) – Prefix (or regex pattern) to replace in file name, defaults to None


	verbose (bool#124, optional) – verbose output, defaults to False






	Raises

	
	ValueError#125 – No band names provided but none found either


	ValueError#126 – Number of band names provided when none found does not match number of bands


	ValueError#127 – Too many bands to handle without excessive memory - use rast_to_agg_df instead


	ValueError#128 – Problem with index resulting from conversion to df


	ValueError#129 – Problem converting bands






	Returns

	pandas dataframe of lat, long, val for each band



	Return type

	pd.DataFrame










	
stc_unicef_cpi.data.process_geotiff.print_tif_metadata(rioxarray_rio_obj: Union#130[Dataset, DataArray, List#131[Dataset]], name: Optional#132[str#133] = None) → None#134

	View metadata associated with a raster file,
loaded using rioxarray


	Parameters

	
	rioxarray_rio_obj (Union[Dataset, DataArray, List[Dataset]) – rioxarray dataset object


	name (Optional[str#135], optional) – Name of tiff data, defaults to “”













	
stc_unicef_cpi.data.process_geotiff.rast_to_agg_df(tiff_file: ~typing.Union[str, ~pathlib.Path, bytes], agg_fn: ~typing.Callable[[~numpy.ndarray[~typing.Any, ~numpy.dtype[~numpy._typing._generic_alias.ScalarType]]], ~numpy.ndarray[~typing.Any, ~numpy.dtype[~numpy._typing._generic_alias.ScalarType]]] = <function mean>, resolution: int = 7, max_bands: int = 3, verbose: bool = False) → DataFrame

	Likely slower than using rioxarray fns, but
benefit of handling groups of bands at a time, rather
than all at once (v memory expensive) - only to be
used for tiffs with many bands.


	Parameters

	
	tiff_file (Union[str#136, PathLike]) – Path to (many banded, large) tiff file


	agg_fn (Callable[[npt.NDArray], npt.NDArray], optional) – Aggregation function, defaults to np.mean


	resolution (int#137, optional) – Resolution of H3 grid to aggregate to, defaults to 7


	max_bands (int#138, optional) – Max number of bands to process at one time, defaults to 3


	verbose (bool#139, optional) – Verbose, defaults to False






	Returns

	Dataframe of aggregated data



	Return type

	pd.DataFrame










	
stc_unicef_cpi.data.process_geotiff.resample_tif(tif_file_path: Union#140[str#141, PathLike#142], dest_dir: Union#143[str#144, PathLike#145], rescale_factor: Optional#146[float#147] = 2.0) → None#148

	Resample a tiff file by a given factor, using bilinear resampling
- greater than 1 corresponds to increased resolution,
less than 1 decreased.


	Parameters

	
	tif_file_path (Union[str#149, PathLike]) – Path to tiff file to resample


	dest_dir (Union[str#150, PathLike]) – Destination directory for resampled tiff file to be written to


	rescale_factor (Optional[int#151], optional) – Rescale factor, defaults to 2













	
stc_unicef_cpi.data.process_geotiff.rxr_reproject_tiff_to_target(src_tiff_file: Union#152[str#153, PathLike#154], target_tiff_file: Union#155[str#156, PathLike#157], dest_path: Optional#158[Union#159[PathLike#160, str#161]] = None, verbose: bool#162 = False) → Optional#163[Union#164[Dataset, DataArray, List#165[Dataset]]]

	Use rioxarray and an example (target) tiff to
reproject the given (source) tiff to the same CRS
and resolution.


	Parameters

	
	src_tiff_file (Union[str#166, PathLike]) – Path to tiff file you want to reproject


	target_tiff_file (Union[str#167, PathLike]) – Path to tiff file that is example of desired projection and resolution


	dest_path (Optional[Union[str#168, PathLike]], optional) – Path to write reprojected tiff to, defaults to None (just return reprojected raster)


	verbose (bool#169, optional) – Verbosity, defaults to False






	Returns

	Either None (if dest_path is not None) or reprojected raster



	Return type

	Union[Dataset, DataArray, List[Dataset], None]











stc_unicef_cpi.data.process_netcdf module


	
stc_unicef_cpi.data.process_netcdf.netcdf_to_clipped_array(file_path: Union#170[str#171, PathLike#172], *, ctry_name: str#173 = 'Nigeria', save_dir: Optional#174[Union#175[PathLike#176, str#177]] = None, plot: bool#178 = False) → Union#179[None#180, ndarray[Any#181, dtype[ScalarType]]]

	Read netCDF file and return either array clipped to
specified country, or a GeoTIFF clipped to this country
and saved in the specified directory with same name as
before


	Parameters

	
	file_path (Union[str#182, PathLike]) – Path to netCDF file to reproject and clip


	ctry_name (str#183, optional) – Country to clip to, defaults to “Nigeria”


	save_dir (Optional[Union[str#184, PathLike]], optional) – Directory to save to, defaults to None (just return clipped array)


	plot (bool#185, optional) – Visualise clipped array, defaults to False






	Returns

	Either None if save_dir is not None, or clipped array



	Return type

	Union[None, npt.NDArray]











stc_unicef_cpi.data.process_to_torch module


	
class stc_unicef_cpi.data.process_to_torch.HexDataset(tiff_dir, hex_codes, labels, width=33, height=33, transform=None, target_transform=None)

	Bases: Dataset

Make a torch dataset that constructs images from
tiff files according to hex codes


	Parameters

	Dataset (_type_) – _description_










	
stc_unicef_cpi.data.process_to_torch.make_torch_dataloader_from_numpy(images, labels, bs=64, shuffle=False)

	Take np image dataset and dataframe, and
convert to a dataset amenable to train torch models


	Parameters

	
	images (_type_) – _description_


	labels (_type_) – _description_


	bs (int#186, optional) – _description_, defaults to 64


	shuffle (bool#187, optional) – _description_, defaults to False






	Returns

	_description_



	Return type

	_type_











stc_unicef_cpi.data.stream_data module

Data Streaming From External Sources


	
class stc_unicef_cpi.data.stream_data.FacebookMarketingStreamer(country, force, read_path, res, logging)

	Bases: StreamerObject

Stream data from Facebook Marketing Api


	
implement()

	








	
class stc_unicef_cpi.data.stream_data.StreamerObject(country, force, read_path)

	Bases: object#188
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stc_unicef_cpi.features package


Submodules



stc_unicef_cpi.features.autoencoder_features module


	
stc_unicef_cpi.features.autoencoder_features.check_autoencoder_reconstruction(trained_autoencoder, input_data)

	Plot reconstructed images to check performance of autoencoder


	Parameters

	
	trained_autoencoder (_type_) – output of get_trained_autoencoder() or saved keras model


	input_data (_type_) – image input of size (num of samples, width, height, bands)













	
stc_unicef_cpi.features.autoencoder_features.get_best_hyperparameters(input_data, random_state=0, validation_split=0.1, batch_size=[64, 128], learning_rate=[0.01, 0.005, 0.001], epochs=100, logdir='autoencoder', project_name='tune_model', es_patience=5)

	Get the tuned hyperparameters for the model


	Parameters

	
	input_data (_type_) – image input of size (num of samples, width, height, bands)


	random_state (int#1, optional) – random state, defaults to 0


	validation_split (float#2, optional) – split ratio for model.fit(), defaults to 0.1


	batch_size (list#3, optional) – list of batch sizes to check, defaults to [64, 128]


	learning_rate (list#4, optional) – list of learning rates to check, defaults to [1e-2, 5e-3, 1e-3]


	epochs (int#5, optional) – max epochs for training; specify value slightly higher than expected convergence, defaults to 100


	logdir (str#6, optional) – directory for logging, defaults to “autoencoder”


	project_name (str#7, optional) – name of project, defaults to “tune_model”


	es_patience (int#8, optional) – patience for early stopping, defaults to 5






	Returns

	dictionary with best learning rate, batch size & epoch



	Return type

	_type_










	
stc_unicef_cpi.features.autoencoder_features.get_encoded_features(trained_autoencoder_dir, model_name, hex_codes, tiff_files_dir, gpu, dim=16, batch_size=4096)

	Get encoded features in batches


	Parameters

	
	trained_autoencoder_dir (_type_) – directory for saved keras model


	model_name (_type_) – name of saved model inside trained_autoencoder_dir


	hex_codes (_type_) – numpy array containing H3 hexagons for which to generate predictions


	tiff_files_dir (_type_) – file path for geotiffs


	dim (int#9, optional) – dimension for images extracted from rasters, defaults to 16


	batch_size (int#10, optional) – batch size for getting predictions, defaults to 4096






	Returns

	numpy array of size (len(hex_codes), 32)



	Return type

	numpy array










	
stc_unicef_cpi.features.autoencoder_features.get_encoding_metrics(original_data, encoded_features)

	Get residual variance, auc Trustworthiness & auc Continuity for encodings


	Parameters

	
	original_data (_type_) – image input of size (n_samples, width, height, bands) or (n_samples, width*height*bands)


	encoded_features (_type_) – encoded features of size (n_samples, 32) or (n_samples, 2, 2, 8)













	
stc_unicef_cpi.features.autoencoder_features.get_train_data(tiff_dir, hex_codes, dim=16)

	Get training data for the autoencoder


	Parameters

	
	tiff_dir (str#11) – directory containing all country tiffs


	hex_codes (_type_) – H3 hexagons for training set


	dim (int#12, optional) – dimension for images extracted from rasters, defaults to 16






	Returns

	numpy array of size (len(hex_codes), 16, 16, total channels from tiff_dir)



	Return type

	numpy array










	
stc_unicef_cpi.features.autoencoder_features.get_trained_autoencoder(input_data, batch_size=128, epochs=100, learning_rate=0.001, save_dir=None, model_name=None)

	Get the trained model using tuned hyperparameters


	Parameters

	
	input_data (_type_) – image input of size (num of samples, width, height, bands) - reshaped & imputed
input of convert_tiffs_to_image_dataset


	batch_size (int#13, optional) – batch size for training, defaults to 128


	learning_rate (int#14, optional) – learning_rate for Adam optimizer, defaults to 1e-3


	epochs (int#15, optional) – number of epochs for training, defaults to 100


	savedir (str#16, optional) – directory for saving model, defaults to None


	model_name (str#17, optional) – name of saved h5 model file, defaults to “autoencoder”






	Returns

	If save_dir=None, Keras sequential model else None



	Return type

	_type_










	
stc_unicef_cpi.features.autoencoder_features.set_seed(random_state=0)

	Set seed







stc_unicef_cpi.features.build_features module


	
stc_unicef_cpi.features.build_features.add_group_features(*dfs, join_on='')

	TODO: fix for our data

From tuning using optuna in notebook, suggests that adding these features is indeed useful
- seem to get slightly better CV performance using the full augmented dataset, along with
similar performance for subset of features selected using BorutaShap (below)
However, when assessing generalisation performance on completely new data, the cross-validated
tuned model seems to significantly overfit on the base data, while performing much better on
both fully augmented and subset of augmented data. Best generalised performance seems to be
on subselection of features, as one might expect.


	Parameters

	
	dfs – any number of pandas dataframes to join for group features


	join_on (str#18, optional) – column for entity sets to join on, defaults to “”






	Type

	dfs: pd.DataFrame



	Returns

	_description_



	Return type

	_type_










	
stc_unicef_cpi.features.build_features.boruta_shap_ftr_select(X, y, base_model=LGBMRegressor(), plot=True, n_trials=100, sample=False, train_or_test='test', normalize=True, verbose=True, incl_tentative=True)

	Simple wrapper to BorutaShap feature selection to also show feature plot
(more interesting at this point)


	Parameters

	
	X (_type_) – _description_


	y (_type_) – _description_


	base_model (_type_, optional) – _description_, defaults to lgb.LGBMRegressor()


	plot (bool#19, optional) – show feature importance plot, defaults to True


	n_trials (int#20, optional) – _description_, defaults to 100


	sample (bool#21, optional) – if true then a row-wise sample of the data will be used to calculate the feature importance values, defaults to False


	train_or_test (str#22, optional) – Decides whether the feature importance should be calculated on out of sample data - see the dicussion here https://compstat-lmu.github.io/iml_methods_limitations/pfi-data.html#introduction-to-test-vs.training-data, defaults to “test”


	normalize (bool#23, optional) – if true the importance values will be normalized using the z-score formula, defaults to True


	verbose (bool#24, optional) – a flag indicator to print out all the rejected or accepted features, defaults to True


	incl_tentative (bool#25, optional) – _description_, defaults to True






	Returns

	_description_



	Return type

	_type_











stc_unicef_cpi.features.get_autoencoder_features module


	
stc_unicef_cpi.features.get_autoencoder_features.copy_files(src, trg, word)

	




	
stc_unicef_cpi.features.get_autoencoder_features.retrieve_autoencoder_features(hex_codes, trained_autoencoder_dir, country, res, tiff_files_dir, gpu)

	Predict autoencoder features
:param hex_codes: _description_
:type hex_codes: _type_
:param trained_autoencoder_dir: _description_
:type trained_autoencoder_dir: _type_
:param country: _description_
:type country: _type_
:param res: _description_
:type res: _type_
:param tiff_files_dir: _description_
:type tiff_files_dir: _type_
:return: _description_
:rtype: _type_






	
stc_unicef_cpi.features.get_autoencoder_features.train_auto_encoder(hex_codes, read_dir, hyper_tunning, save_dir, country, res)

	Train autoencoder model
:param hex_codes: _description_
:type hex_codes: _type_
:param read_dir: _description_
:type read_dir: _type_
:param hyper_tunning: _description_
:type hyper_tunning: _type_
:param save_dir: _description_
:type save_dir: _type_
:param country: _description_
:type country: _type_
:param res: _description_
:type res: _type_







stc_unicef_cpi.features.resnet_pca module


	
stc_unicef_cpi.features.resnet_pca.get_features(img_arr, num_bands, pca_components, dim=32)

	For each raster, get top PCA features using
2048 features from pretrained ResNet50


	Inputs: 
	img_arr: output of convert_tiffs_to_image_dataset
num_bands: first output of numbands_from_tiffs
pca_components: number of components to reduce features to
dim: dimensions for ResNet50 input; should match shape[2] and shape[3] of img_arr



	Outputs:
	
	array features of size (number of samples: img_arr.shape[0],
	num_features: number of 3-groupings obtained from tiffs,
pca_components: specified as funtion arg)














	
stc_unicef_cpi.features.resnet_pca.numbands_from_tiffs(dir)

	Get the name and number of bands for each tiff

Inputs: tiff directory (string)
Outputs: 2 equal size lists containing bands per tiff and tiff name
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stc_unicef_cpi.models package


Submodules



stc_unicef_cpi.models.inflated_vals_2stg module


	
class stc_unicef_cpi.models.inflated_vals_2stg.InflatedValsRegressor(classifier: ClassifierMixin, regressor: RegressorMixin)

	Bases: BaseEstimator, RegressorMixin

A meta regressor for datasets with inflated values, i.e. the
targets contain certain values with much higher frequency than others.

InflatedValsRegressor consists of a classifier and a regressor.



	The classifier’s task is to find of if the target is an inflated value or not.


	The regressor’s task is to output a prediction whenever the classifier indicates that the there should be a non-zero prediction.







The regressor is only trained on examples where the target is not an inflated value,
which makes it easier for it to focus.

At prediction time, the classifier is first asked if the output should be one of the
inflated values. Depending on the mode selected, either



	output that value, or


	use the estimated class probabilities to weight the output.







If not predicted to be an inflated value, in case (i) ask the regressor
for its prediction and output it.

Examples

import numpy as np
from sklearn.ensemble import ExtraTreesClassifier, ExtraTreesRegressor

np.random.seed(0)
X = np.random.randn(10000, 4)
y = ((X[:, 0] > 0) & (X[:, 1] > 0)) * np.abs(X[:, 2] * X[:, 3] ** 2)
z = InflatedValsRegressor(
    classifier=ExtraTreesClassifier(random_state=0),
    regressor=ExtraTreesRegressor(random_state=0),
)
z.fit(X, y)
# InflatedValsRegressor(classifier=ExtraTreesClassifier(random_state=0),
#                     regressor=ExtraTreesRegressor(random_state=0))
z.predict(X)[:5]
# array([4.91483294, 0.        , 0.        , 0.04941909, 0.        ])






	
fit(X: np.ndarray | pd.DataFrame, y: np.ndarray | pd.Series, inflated_vals: list#1[float#2] | np.ndarray = [0], sample_weight: np.ndarray | None#3 = None, allow_nan: bool#4 = True, cls_fit_kwargs: dict#5 | None#6 = None, reg_fit_kwargs: dict#7 | None#8 = None) → InflatedValsRegressor

	Fit the model.


	Parameters

	
	X (Union[np.ndarray, pd.DataFrame]) – The training data in shape (n_samples, n_features).


	y (Union[np.ndarray, pd.Series]) – The target values, 1-dimensional.


	inflated_vals (Union[List[float#9], np.ndarray], optional) – Inflated values, defaults to [0]


	sample_weight (Optional[np.ndarray], optional) – Individual weights for each sample, defaults to None






	Raises

	ValueError#10 – If classifier is not a classifier or regressor is not a regressor.



	Returns

	Fitted regressor.



	Return type

	InflatedValsRegressor










	
get_cls_labels(y: np.ndarray | pd.Series, inflated_vals: list#11[float#12] | np.ndarray, init=True) → pd.Series

	Get class labels of targets, y, according to inflated values passed


	Parameters

	
	y (Union[np.ndarray, pd.Series]) – Target values


	inflated_vals (Union[List[float#13], np.ndarray]) – Inflated values


	init (bool#14, optional) – Initialise, defaults to True






	Returns

	Class labels



	Return type

	pd.Series










	
predict(X: np.ndarray | pd.DataFrame, weighted: bool#15 = False, allow_nan: bool#16 = True) → np.ndarray

	Make predictions.


	Parameters

	
	X (Union[np.ndarray, pd.DataFrame]) – Samples to get predictions of, shape (n_samples, n_features).


	weighted (bool#17, optional) – Weight output, or use strict class predictions, defaults to False






	Returns

	The predicted values.



	Return type

	np.ndarray, shape (n_samples,)















stc_unicef_cpi.models.lgbm_baseline module


	
stc_unicef_cpi.models.lgbm_baseline.adjusted_rsquared(r2, n, p)

	




	
stc_unicef_cpi.models.lgbm_baseline.basic_model_pipeline(model, num_scaler='robust', cat_encoder='ohe', imputer='simple')

	From given sklearn style model make simple pipeline, along with suitable transformers
Alt construction to below that takes advantage of sklearn fns


	Args:
	model (_type_): _description_
num_scaler (str, optional): _description_. Defaults to ‘robust’.
cat_encoder (str, optional): _description_. Defaults to ‘ohe’.
imputer (str, optional): _description_. Defaults to ‘simple’.










	
stc_unicef_cpi.models.lgbm_baseline.basic_preprocessor(X_train, model_type='lgb')

	




	
stc_unicef_cpi.models.lgbm_baseline.callback(study, trial)

	




	
stc_unicef_cpi.models.lgbm_baseline.flaml_multireg(X, Y, log_run=True, time_budget=60, scorer=<function <lambda>>)

	




	
stc_unicef_cpi.models.lgbm_baseline.get_card_split(df, cols, n=11)

	Splits categorical columns into 2 lists based on cardinality (i.e # of unique values)

Parameters


	dfPandas DataFrame
	DataFrame from which the cardinality of the columns is calculated.



	colslist-like
	Categorical columns to list



	nint, optional (default=11)
	The value of ‘n’ will be used to split columns.





Returns


	card_lowlist-like
	Columns with cardinality < n



	card_highlist-like
	Columns with cardinality >= n










	
stc_unicef_cpi.models.lgbm_baseline.lgbmreg_optuna(X_train, X_test, y_train, y_test, log_run=True, target_name='test', logging_level=40, experiment_name='nga-cpi', tracking_uri='../models/mlruns')

	Use optuna / FLAML to train tuned LGBMRegressor
NB expect target y to be a vector due to computational expense, and desire to log runs separately
If need be run in loop
Assume feature engineering etc already performed if desired

Note some thoughts in various blog posts e.g. here
https://towardsdatascience.com/kagglers-guide-to-lightgbm-hyperparameter-tuning-with-optuna-in-2021-ed048d9838b5

Or just directly from docs
https://lightgbm.readthedocs.io/en/latest/Parameters-Tuning.html

Main params to target:


	
	num_leaves (max. limit should be 2^(max_depth) according to docs) - number of decision points in tree, given max_depth relatively
	easy to choose, but expensive so choose conservative range
e.g. (20,3000)







	
	max_depth - number of levels, more makes more complex and prone to overfit,
	too few and will underfit. Kaggle finds values of 3-12 works
well for most datasets







	
	min_data_in_leaf - min num observations that fit dec. crit. of each leaf,
	should be >100 for larger datasets as helps prevent overfitting







	
	n_estimators - Number of decision trees used - larger will be slower but should
	be more accurate







	
	learning_rate - step size param of gradient descent at each iteration, with
	typical values between 0.01 and 0.3, sometimes lower. Perfect
setup w n_estimators is many trees w early stopping and low
lr







	max_bin - default already 255, likely to cause overfitting if increased


	reg_alpha or _lambda - L1 / L2 regularisation - good search range usually (0,100) for both


	min_gain_to_split - conservative search range is (0,15), can help regularisation


	
	bagging_fraction and feature_fraction - proportion of training samples (within (0,1), needs bagging_freq
	set to an integer also) and proportion of features (also in (0,1)),
respectively used to train each tree. Both can again help with
overfitting







	objective - the learning objective used, which can be custom (!)




Additionally use MLflow to log the run unless specified not to


	Args:
	X_train (_type_): _description_
X_test (_type_): _description_
y_train (_type_): _description_
y_test (_type_): _description_
log_run (bool, optional): _description_. Defaults to True.
target_name (str, optional): _description_. Defaults to “test”.
logging_level (_type_, optional): _description_. Defaults to optuna.logging.ERROR.
experiment_name (str, optional): _description_. Defaults to “nga-cpi”.



	Returns:
	_type_: _description_










	
stc_unicef_cpi.models.lgbm_baseline.lgbmreg_optunaCV(X_train, X_test, y_train, y_test, log_run=True, target_name='test', logging_level=40, experiment_name='nga-cpi')

	Use optuna default tuner CV instead of above definition - only optimises



	lambda_l1


	lambda_l2


	num_leaves


	feature_fraction


	bagging_fraction


	bagging_freq


	min_child_samples







Additionally use MLflow to log the run unless specified not to


	Args:
	X_train (_type_): _description_
X_test (_type_): _description_
y_train (_type_): _description_
y_test (_type_): _description_
log_run (bool, optional): _description_. Defaults to True.
target_name (str, optional): _description_. Defaults to “test”.
logging_level (_type_, optional): _description_. Defaults to optuna.logging.ERROR.
experiment_name (_type_, optional): _description_. Defaults to “nga-cpi”.



	Returns:
	_type_: _description_










	
stc_unicef_cpi.models.lgbm_baseline.objective(trial, X, y)

	




	
stc_unicef_cpi.models.lgbm_baseline.train_model(X_train, Y_train, X_test, Y_test, log_run=True, target_name='', model='lgb', experiment_name='nga-cpi')

	Train baseline model


	Parameters

	
	X_train (_type_) – _description_


	Y_train (_type_) – _description_


	X_test (_type_) – _description_


	Y_test (_type_) – _description_


	log_run (bool#18, optional) – _description_, defaults to True


	target_name (str#19, optional) – _description_, defaults to “”


	model (str#20, optional) – _description_, defaults to “lgb”


	experiment_name (str#21, optional) – _description_, defaults to “nga-cpi”






	Returns

	_description_



	Return type

	_type_











stc_unicef_cpi.models.mobnet_TL module



stc_unicef_cpi.models.predict_model module



stc_unicef_cpi.models.prediction_intervals module


	
stc_unicef_cpi.models.prediction_intervals.calibrate_prediction_intervals(pipeline_dir, pipeline_name, input_data, target_dim, mapie_dir)

	Train MAPIE Regressor using train data
:param pipeline_dir: path to trained Pipeline instance
:type pipeline_dir: str
:param pipeline_name: name of trained Pipeline instance
:type pipeline_name: str
:param input_data: Dataframe containing all data
:type input_data: _type_
:param target_dim: dimension to predict
:type target_dim: str
:param mapie_dir: path for saving MapieRegressor instance
:type mapie_dir: str
:return: None
:rtype: _type_






	
stc_unicef_cpi.models.prediction_intervals.predict_intervals(input_data, target_dim, mapie_dir, alpha=0.05, batch_size=10000, save_dir=None)

	Get prediction intervals for all data using fitted MapieRegressor
:param input_data: Dataframe containing all data
:type input_data: _type_
:param target_dim: dimension to predict
:type target_dim: str
:param mapie_dir: path to saved MapieRegressor instance
:type mapie_dir: str
:param alpha: percent of out of intervals predictions tolerated, defualt is 0.05
:type alpha: int, optional
:param batch_size: batch size for processing, default is 10000
:type batch_size: int, optional
:param save_dir: path to save predictions csv
:type save_dir: str, optional
:return: If save_dir is None, pandas Dataframe else None
:rtype: _type_







stc_unicef_cpi.models.train_model module
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stc_unicef_cpi.utils package


Submodules



stc_unicef_cpi.utils.constants module



stc_unicef_cpi.utils.general module


	
class stc_unicef_cpi.utils.general.PrettyLog(obj)

	Bases: object#1






	
stc_unicef_cpi.utils.general.create_folder(dir)

	Create folder
:param dir: directory
:type dir: str






	
stc_unicef_cpi.utils.general.download(url, filename, params=None)

	




	
stc_unicef_cpi.utils.general.download_file(url, name)

	Download a file from an specific url


	Parameters

	
	url – URL where the specific object is placed


	name – name of output file













	
stc_unicef_cpi.utils.general.download_unzip(url, name)

	




	
stc_unicef_cpi.utils.general.get_facebook_credentials(creds_file)

	Get credentials for accessing FB API from the credentials file






	
stc_unicef_cpi.utils.general.get_open_cell_credentials(creds_file)

	Get credentials for accessing Open Cell Id from the credentials file






	
stc_unicef_cpi.utils.general.prepend(list, str)

	Prepend string to elements in list


	Parameters

	
	list (list#2) – list of elements


	str (str#3) – string to prepend to each element













	
stc_unicef_cpi.utils.general.read_csv_gzip(args, colnames=['radio', 'mcc', 'mnc', 'lac', 'cid', 'range', 'long', 'lat', 'sample', 'changeable_1', 'changeable_0', 'created', 'updated', 'avg_signal'])

	




	
stc_unicef_cpi.utils.general.read_yaml_file(yaml_file)

	Load yaml configurations






	
stc_unicef_cpi.utils.general.timing(f)

	




	
stc_unicef_cpi.utils.general.unzip_file(name)

	Unzip file
:param name: name or path of file to unzip
:type name: str







stc_unicef_cpi.utils.geospatial module


	
stc_unicef_cpi.utils.geospatial.aggregate_hexagon(df, col_to_agg, name_agg, type)

	




	
stc_unicef_cpi.utils.geospatial.create_geometry(data, lat, long)

	Create geometry column from longitude (x) and latitude (y) columns
:param data: dataset
:type data: dataframe
:param lat: name of column containing the longitude of a point
:type lat: string
:param long: name of column containing the longitude of a point
:type long: string
:return: data
:rtype: datafrane with geometry column






	
stc_unicef_cpi.utils.geospatial.format_polygons(poly)

	Retrive type of polygon and convert to list






	
stc_unicef_cpi.utils.geospatial.get_area_polygon(polygon, crs='WGS84')

	Get area of a polygon on earth in km squared
:param polygon: Polygon
:type polygon: Polygon






	
stc_unicef_cpi.utils.geospatial.get_hex_centroid(data, hex_code='hex_code')

	Get centroid of hexagon
:param data: dataset
:type data: dataframe
:param hex_code: name of column containing the hexagon code
:type hex_code: string
:return: coords
:rtype: list of tuples






	
stc_unicef_cpi.utils.geospatial.get_hex_code(df, lat, long, res)

	




	
stc_unicef_cpi.utils.geospatial.get_hex_radius(res)

	Get radius according to h3 resolution
:param res: resolution
:type res: int
:return: radius corresponding to the resolution
:rtype: float






	
stc_unicef_cpi.utils.geospatial.get_hexes_for_ctry(ctry_name='Nigeria', res=7)

	Get array of all hex codes for specified country
:param ctry_name: _description_, defaults to ‘Nigeria’
:type ctry_name: str, optional
:param level: _description_, defaults to 7
:type level: int, optional






	
stc_unicef_cpi.utils.geospatial.get_lat_long(data, geo_col)

	Get latitude and longitude points
from a given geometry column
:param data: dataset
:type data: dataframe
:param geo_col: name of column containing the geometry
:type geo_col: string
:return: dataset
:rtype: dataframe with latitude and longitude columns






	
stc_unicef_cpi.utils.geospatial.get_new_nbrs_at_k(hexes, k)

	Given set of hexes, return set of new neighbors at k distance
Useful for expanding country hex sets


	Parameters

	
	hexes (_type_) – _description_


	k (_type_) – _description_













	
stc_unicef_cpi.utils.geospatial.get_poly_boundary(df, hex_code)

	




	
stc_unicef_cpi.utils.geospatial.get_shape_for_ctry(ctry_name)

	




	
stc_unicef_cpi.utils.geospatial.hexes_poly(poly, res)

	Get dataframe with hexagons belonging to a polygon
:param poly: polygon
:type poly: polygon
:param res: resolution
:type res: int
:raises IOError: _description_
:return: _description_
:rtype: _type_







stc_unicef_cpi.utils.mlflow_utils module


	
stc_unicef_cpi.utils.mlflow_utils.fetch_logged_data(run_id)

	Fetch params, metrics, tags, and artifacts in the specified run






	
stc_unicef_cpi.utils.mlflow_utils.yield_artifacts(run_id, path=None)

	Yield all artifacts in the specified run







stc_unicef_cpi.utils.scoring module


	
stc_unicef_cpi.utils.scoring.mae(true, pred)

	Calculate mean absolute error


	Parameters

	
	true (_type_) – _description_


	pred (_type_) – _description_






	Returns

	_description_



	Return type

	_type_
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stc_unicef_cpi.visualization package


Submodules



stc_unicef_cpi.visualization.visualize module



Footnotes



            

          

      

      

    

  

    
      
          
            
  
stc_unicef_cpi package


Subpackages



	stc_unicef_cpi.data package
	Submodules

	stc_unicef_cpi.data.cv_loaders module

	stc_unicef_cpi.data.get_cell_tower_data module

	stc_unicef_cpi.data.get_drive_data module

	stc_unicef_cpi.data.get_econ_data module

	stc_unicef_cpi.data.get_facebook_data module

	stc_unicef_cpi.data.get_osm_data module

	stc_unicef_cpi.data.get_satellite_data module

	stc_unicef_cpi.data.get_speedtest_data module

	stc_unicef_cpi.data.make_dataset module

	stc_unicef_cpi.data.process_geotiff module

	stc_unicef_cpi.data.process_netcdf module

	stc_unicef_cpi.data.process_to_torch module

	stc_unicef_cpi.data.stream_data module





	stc_unicef_cpi.features package
	Submodules

	stc_unicef_cpi.features.autoencoder_features module

	stc_unicef_cpi.features.build_features module

	stc_unicef_cpi.features.get_autoencoder_features module

	stc_unicef_cpi.features.resnet_pca module





	stc_unicef_cpi.models package
	Submodules

	stc_unicef_cpi.models.inflated_vals_2stg module

	stc_unicef_cpi.models.lgbm_baseline module

	stc_unicef_cpi.models.mobnet_TL module

	stc_unicef_cpi.models.predict_model module

	stc_unicef_cpi.models.prediction_intervals module

	stc_unicef_cpi.models.train_model module





	stc_unicef_cpi.utils package
	Submodules

	stc_unicef_cpi.utils.constants module

	stc_unicef_cpi.utils.general module

	stc_unicef_cpi.utils.geospatial module

	stc_unicef_cpi.utils.mlflow_utils module

	stc_unicef_cpi.utils.scoring module





	stc_unicef_cpi.visualization package
	Submodules

	stc_unicef_cpi.visualization.visualize module
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