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CHAPTER
ONE

INTRODUCTION

(https://app.travis-ci.com/github/pik-copan/pyunicorn) (https://codecov.io/gh/pik-copan/pyunicorn) pyunicorn
(Unified Complex Network and RecurreNce analysis toolbox) is a fully object-oriented Python package for the
advanced analysis and modeling of complex networks. Above the standard measures of complex network theory
such as degree, betweenness and clustering coefficient it provides some uncommon but interesting statistics
like Newman’s random walk betweenness. pyunicorn features novel node-weighted (node splitting invariant)
network statistics as well as measures designed for analyzing networks of interacting/interdependent networks.

Moreover, pyunicorn allows to easily construct networks from uni- and multivariate time series and event
data (functional (climate) networks and recurrence networks). This involves linear and nonlinear measures of
time series analysis for constructing functional networks from multivariate data (e.g. Pearson correlation, mutual
information, event synchronization and event coincidence analysis). pyunicorn also features modern techniques
of nonlinear analysis of single and pairs of time series such as recurrence quantification analysis (RQA), recurrence
network analysis and visibility graphs.

For example, to generate a recurrence network with 1000 nodes from a sinusoidal signal and compute its network
transitivity you simply need to type

import numpy as np
from pyunicorn.timeseries import RecurrenceNetwork

X = np.sin(np.linspace(®, 10 * np.pi, 1000))
net = RecurrenceNetwork(x, recurrence_rate=0.05)
print(net.transitivity())

The package provides special tools to analyze and model spatially embedded complex networks.

pyunicorn is fast because all costly computations are performed in compiled C, C++ and Fortran code. It can
handle large networks through the use of sparse data structures. The package can be used interactively, from any
Python script and even for parallel computations on large cluster architectures.



https://app.travis-ci.com/github/pik-copan/pyunicorn
https://codecov.io/gh/pik-copan/pyunicorn
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CHAPTER
TWO

DOWNLOAD

2.1 Code

Stable releases (https://github.com/pik-copan/pyunicorn/releases), Development version (https://github.com/pik-
copan/pyunicorn)

Changelog, Contributions

2.2 Documentation

For extensive HTML documentation, jump right to the pyunicorn homepage (http://www.pik-
potsdam.de/~donges/pyunicorn/). Recent PDF versions (http://www.pik-potsdam.de/~donges/pyunicorn/docs/)
are also available.

On a local development version, HTML and PDF documentation can be generated using Sphinx:

$> pip install --user .[docs]
$> cd docs; make clean html latexpdf

2.3 Dependencies

pyunicorn is implemented in Python 3 (https://docs.python.org/3/) and Cython 3 (https://cython.org/). The soft-
ware is written and tested on Linux and macOS, but it is also in active use on Windows. pyunicorn relies on
the following open source or freely available packages, which need to be installed on your machine. For exact
dependency information, see setup.cfg.

Required at runtime:
e Numpy (http://www.numpy.org/)
* Scipy (http://www.scipy.org/)
* python-igraph (http://igraph.org/)

¢ hS5netcdf (https://hSnetcdf.org/) or netcdf4-python (http://unidata.github.io/netcdf4-python/) (for Data
and NetCDFDictionary)

Optional (used only in certain classes and methods):
* PyNGL (http://www.pyngl.ucar.edu/Download/) (for NetCDFDictionary)
* Matplotlib (http://matplotlib.org/)
» Matplotlib Basemap Toolkit (http://matplotlib.org/basemap/) (for drawing maps)
 Cartopy (https://scitools.org.uk/cartopy/docs/latest/index.html) (for some plotting features)

* mpidpy (https://bitbucket.org/mpidpy/mpidpy) (for parallelizing costly computations)



https://github.com/pik-copan/pyunicorn/releases
https://github.com/pik-copan/pyunicorn
docs/source/changelog.rst
CONTRIBUTIONS.rst
http://www.pik-potsdam.de/~donges/pyunicorn/
http://www.pik-potsdam.de/~donges/pyunicorn/docs/
https://docs.python.org/3/
https://cython.org/
http://www.numpy.org/
http://www.scipy.org/
http://igraph.org/
https://h5netcdf.org/
http://unidata.github.io/netcdf4-python/
http://www.pyngl.ucar.edu/Download/
http://matplotlib.org/
http://matplotlib.org/basemap/
https://scitools.org.uk/cartopy/docs/latest/index.html
https://bitbucket.org/mpi4py/mpi4py
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» Sphinx (http://sphinx-doc.org/) (for generating documentation)

To install these dependencies, please follow the instructions for your system’s package manager or con-
sult the libraries’ homepages. An easy way to go may be a Python distribution like Anaconda
(https://www.anaconda.com/distribution/) that already includes many libraries.

2.4 Installation

Before installing pyunicorn itself, we recommend to make sure that the required dependencies are installed using
your preferred installation method for Python libraries. Afterwards, the package can be installed in the standard
way from the Python Package Index (PyPI).

Linux, macOS

With the pip package manager:

$> pip install pyunicorn

On Fedora OS, use:

$> dnf install python3-pyunicorn

Windows

First follow the instructions for installing the latest version of the Microsoft C++ Build Tools
(https://wiki.python.org/moin/WindowsCompilers) in order to be able to compile the Cython modules, and
then:

$> pip install pyunicorn

Development version

To use a newer version of pyunicorn than the latest official release on PyPI, download the source code from the
Github repository and, instead of the above, execute:

$> pip install -e .

2.5 Reference

Please acknowledge and cite the use of this software and its authors when results are used in publications or
published elsewhere. You can use the following reference:

J.E. Donges, J. Heitzig, B. Beronov, M. Wiedermann, J. Runge, Q.-Y. Feng, L. Tupikina, V.
Stolbova, R.V. Donner, N. Marwan, H.A. Dijkstra, and J. Kurths, Unified functional network
and nonlinear time series analysis for complex systems science: The pyunicorn package,
Chaos 25, 113101 (2015), doi:10.1063/1.4934554, (http://dx.doi.org/10.1063/1.4934554) Preprint:
arxiv.org:1507.01571 [physics.data-an]. (http://arxiv.org/abs/1507.01571)
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2.6 Funding

The development of pyunicorn has been supported by various funding sources, notably the German
Federal Ministry for Education and Research (https://www.bmbf.de/en/index.html) (projects GOTHAM
(http://belmont-gotham.org/) and CoSy-CC2 (http://cosy.pik-potsdam.de/)), the Leibniz Association
(https://www.leibniz-gemeinschaft.de/en/home/) (projects ECONS (http://econs.pik-potsdam.de/) and DominoES
(https://www.pik-potsdam.de/research/projects/activities/dominoes)), the German National Academic Foundation
(https://www.studienstiftung.de/en/), and the Stordalen Foundation (http://www.stordalenfoundation.no/) via the
Planetary Boundary Research Network (http://www.pb-net.org) (PB.net) among others.

2.6. Funding 5
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CHAPTER
THREE

TUTORIALS

The tutorials are designed to be self-explanatory. For further details on the used classes and methods please refer
to the API.

3.1 Constructing and analyzing a climate network

This tutorials illustrates the use of climate for constructing a climate network from given data in a commonly
used format, performing a statistical analysis of the network and finally plotting the results on a map.

For example, our software can handle data from the NCEP/NCAR reanalysis 1 project like this monthly surface
air temperature data set (a NetCDF file): ftp://ftp.cdc.noaa.gov/Datasets/ncep.reanalysis.derived/surface/air.mon.
mean.nc

You can use PyNgl for plotting the results on maps (http://www.pyngl.ucar.edu/Download/). Alternatively, the
tutorial saves the results as well as the grid information in text files which can be used for plotting in your favorite
software.

This tutorial is also available as an ipython notebook.

# -*- coding: utf-8 -*-

Tutorial on analyzing climate networks using Python.

Uses the Python packages ““core” and “‘climate™ providing all kinds of tools
related to climate networks. Written as part of a diploma / phd thesis in
Physics by Jonathan F. Donges (donges@pik-potsdam.de) at University of Potsdam
/ Humboldt University Berlin and Potsdam Institute of Climate Impact Research
(PIK),

Copyright 2008-2023.

i

import numpy as np
from pyunicorn import climate

# Test if Ngl package is installed
try:
import Ngl
ngl_flag = True
except ImportError:
ngl_flag = False
#
# Settings

(continues on next page)



ftp://ftp.cdc.noaa.gov/Datasets/ncep.reanalysis.derived/surface/air.mon.mean.nc
ftp://ftp.cdc.noaa.gov/Datasets/ncep.reanalysis.derived/surface/air.mon.mean.nc
http://www.pyngl.ucar.edu/Download/

pyunicorn Documentation, Release 0.7.0a1

(continued from previous page)

#
# Related to data

# Download the data set from the link that is printed below and copy it to the

# directory of this script or change the path to the location of the data set

LINK = "\nData available at: https://www.esrl.noaa.gov/psd/repository/" + \
"entry/show?entryid=0def76a0-9b32-47a4-8bc3-c4977c67ed95"

print (LINK)

DATA_FILENAME = "./air.mon.mean.nc"

# Type of data file ("NetCDF" indicates a NetCDF file with data on a regular
# lat-lon grid, "iNetCDF" allows for arbitrary grids - > see documentation).
# For example, the "NetCDF" FILE_TYPE is compatible with data from the IPCC
# AR4 model ensemble or the reanalysis data provided by NCEP/NCAR.

FILE_TYPE = "NetCDF"

# Indicate data source (optional)
DATA_SOURCE = "ncep_ncar_reanalysis"

# Name of observable in NetCDF file ("air" indicates surface air temperature
# 1in NCEP/NCAR reanalysis data)
OBSERVABLE_NAME = "air"

# Select a subset in time and space from the data (e.g., a particular region

# or a particular time window, or both)

WINDOW = {"time_min": 0., "time_max": 0., "lat_min": 0, "lon_min": O,
"lat_max": 30, "lon_max": 0} # selects the whole data set

# Indicate the length of the annual cycle in the data (e.g., 12 for monthly
# data). This is used for calculating climatological anomaly values

# correctly.

TIME_CYCLE = 12

# Related to climate network construction

# For setting fixed threshold
THRESHOLD = 0.5

# For setting fixed link density
LINK_DENSITY = 0.005

# Indicates whether to use only data from winter months (DJF) for calculating
# correlations
WINTER_ONLY = False

#

# Print script title

#

print("\n")

print("Tutorial on how to use climate")
print("---------- )
print("\n'")

(continues on next page)
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(continued from previous page)
#

# C(Create a ClimateData object containing the data and print information
#

data = climate.ClimateData.Load(
file_name=DATA_FILENAME, observable_name=OBSERVABLE_NAME,
data_source=DATA_SOURCE, file_type=FILE_TYPE,
window=WINDOW, time_cycle=TIME_CYCLE)

# Print some information on the data set

print(data)
#
# Create a MapPlots object to manage 2D-plotting on the sphere
#
if ngl_flag:
map_plots = climate.MapPlots(data.grid, DATA_SOURCE)
#
# Generate climate network using various procedures
#
# One of several alternative similarity measures and construction mechanisms

# may be chosen here

# Create a climate network based on Pearson correlation without lag and with
# fixed threshold
net = climate.TsonisClimateNetwork(

data, threshold=THRESHOLD, winter_only=WINTER_ONLY)

# Create a climate network based on Pearson correlation without lag and with
# fixed link density

# net = climate.TsonisClimateNetwork (

# data, link_density=LINK_DENSITY, winter_only=WINTER_ONLY)

# Create a climate network based on Spearman's rank order correlation without
# lag and with fixed threshold

# net = climate.SpearmanClimateNetwork (

# data, threshold=THRESHOLD, winter_only=WINTER_ONLY)

# Create a climate network based on mutual information without lag and with
# fixed threshold

# net = climate.MutualInfoClimateNetwork(

# data, threshold=THRESHOLD, winter_only=WINTER_ONLY)

#

# Some calculations

#

print("Link density:", net.link density)

# Get degree

degree = net.degree()

# Get closeness

closeness = net.closeness()

# Get betweenness

betweenness = net.betweenness()

(continues on next page)
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(continued from previous page)
# Get local clustering coefficient
clustering = net.local_clustering()
# Get average link distance
ald = net.average_link_distance()
# Get maximum link distance
mld = net.max_link_distance()

#
# Save results to text file
#

# Save the grid (mainly vertex coordinates) to text files
data.grid.save_txt(filename="grid.txt")

# Save the degree sequence. Other measures may be saved similarly.
np.savetxt("degree.txt", degree)

#
# Plotting
#

# Add network measures to the plotting queue

if ngl_flag:
map_plots.add_dataset("Degree"”, degree)
map_plots.add_dataset("Closeness", closeness)
map_plots.add_dataset("Betweenness (logl0®)", np.logl®(betweenness + 1))
map_plots.add_dataset("Clustering", clustering)
map_plots.add_dataset("Average link distance", ald)
map_plots.add_dataset("Maximum link distance", mld)

# Change the map projection
map_plots.resources.mpProjection = "Robinson"
map_plots.resources.mpCenterLonF 0

# Change the levels of contouring
map_plots.resources.cnlLevelSelectionMode = "EqualSpacedLevels"
map_plots.resources.cnMaxLevelCount = 20

# map_plots.resources.cnRasterSmoothingOn = True
# map_plots.resources.cnFillMode = "AreaFill"

map_plots.generate_map_plots(file_name="climate_network_measures",
title_on=-False, labels_on=True)
else:
print("\nPlots can only be created when Ngl package is installed!")

10 Chapter 3. Tutorials
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3.2 Recurrence network analysis of the logistic map

This tutorial demonstrates how to use timeseries for a nonlinear time series analysis of a realization of the chaotic
logistic map.

This tutorial is also available as an ipython notebook.

# -*- coding: utf-8 -*-

Tutorial on how to handle recurrence plots and recurrence networks using
Python, based on the timeseries package.

Written as part of a PhD thesis in Physics by Jonathan F. Donges
(donges@pik-potsdam.de) at the Potsdam Institute of Climate Impact Research
(PIK) and Humboldt University Berlin,

Copyright 2008-2023.

i

# array object and fast numerics
import numpy as np

# plotting facilities
import pylab

from pyunicorn.timeseries import RecurrencePlot, RecurrenceNetwork

#
# Functions
#
def logistic_map(x®, r, T):
Returns a time series of length T using the logistic map
x_(n+1) = r*x_n(l-x_n) at parameter r and using the initial condition x0.

INPUT: x0 - Initial condition, 0 <= x0 <= 1
r - Bifurcation parameter, 0 <= r <= 4
T - length of the desired time series
TODO: Cythonize

e

# Initialize the time series array
timeSeries = np.empty(T)

timeSeries[0] = x0

for i in range(l, len(timeSeries)):
xn = timeSeries[i-1]
timeSeries[i] = r * xn * (1 - xXn)

return timeSeries

def logistic_map_lyapunov_exponent(timeSeries, r):

i

Returns the Lyapunov exponent of the logistic map for different r.

(continues on next page)
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(continued from previous page)

INPUT: timeSeries - The time series generated by a logistic map
r - the bifurcation parameter

e

lyap = np.log(r) + (np.log(np.abs(l - 2 * timeSeries))).mean()

return lyap

# Settings
#

# Parameters of logistic map
r = 3.679 # Bifurcation parameter
x0 = 0.7 # Initial value

# Length of the time series
T = 150

# Settings for the embedding
DIM = 1 # Embedding dimension
TAU = @ # Embedding delay

# Settings for the recurrence plot
EPS = 0.05 # Fixed threshold

RR = 0.05 # Fixed recurrence rate
# Distance metric in phase space ->

# Possible choices ("manhattan", "euclidean", "supremum')
METRIC = "supremum"

#
# Main script

#

# Create a time series using the logistic map
time_series = logistic_map(x0®, r, T)

# Print the time series

print (time_series)

# Plot the time series
pylab.plot(time_series, "r'")

# You can include LaTex labels...
pylab.xlabel("$n$")
pylab.ylabel("$x_n$")

# Generate a recurrence plot object with fixed recurrence threshold EPS
rp = RecurrencePlot(time_series, dim=DIM, tau=TAU, metric=METRIC,
normalize=False, threshold=EPS)

# Show the recurrence plot
pylab.matshow(rp.recurrence_matrix())
pylab.xlabel("$n$")
pylab.ylabel("$n$")

pylab.show()

# Calculate and print the recurrence rate
print("Recurrence rate:", rp.recurrence_rate())

(continues on next page)
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(continued from previous page)

# Calculate some standard RQA measures
DET = rp.determinism(l_min=2)
LAM = rp.laminarity(v_min=2)

print("Determinism:", DET)
print("Laminarity:", LAM)

# Generate a recurrence plot object with fixed recurrence rate RR
rp = RecurrencePlot(time_series, dim=DIM, tau=TAU, metric=METRIC,
normalize=False, recurrence_rate=RR)

# Calculate and print the recurrence rate again to check if it worked...
RR = rp.recurrence_rate()
print ("Recurrence rate:", RR)

# Calculate some standard RQA measures
DET = rp.determinism(l_min=2)
LAM = rp.laminarity(v_min=2)

print("Determinism:", DET)
print("Laminarity:", LAM)

# Generate a recurrence network at fixed recurrence rate
rn = RecurrenceNetwork(time_series, dim=DIM, tau=TAU, metric=METRIC,
normalize=False, recurrence_rate=RR)

# Calculate average path length, transitivity and assortativity
L = rn.average_path_length()

T = rn.transitivity(Q
C

R

= rn.global_clustering()
rn.assortativity()

print("Average path length:", L)
print("Transitivity:", T)
print("Global clustering:", C)
print("Assortativity:", R)

3.2. Recurrence network analysis of the logistic map 13
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CHAPTER
FOUR

METHODS

A brief introduction to the methods, measures and algorithms provided by pyunicorn.

4.1 General complex networks

Many standard complex network measures, network models and algorithms are supported, most of them inherited
from the igraph package, e.g., degree, closeness and betweenness centralities, clustering coefficient and transitiv-
ity or commmunity detection algorithms and network models such as Erdos-Renyi or Barabasi-Albert. Moreover,
anumber of less common network statistics like Newman’s or Arenas’ random walk betweenness can be computed.
Reading and saving network data from and to many common data formats is possible.

e core.network

4.2 Spatially embedded networks

pyunicorn includes measures and models specifically designed for spatially embedded networks (or simply spatial
networks) via the GeoNetwork and Grid classes.

° core.geo_ne[work

* core.grid

4.3 Interacting/interdependent/multiplex networks / networks of
networks

The InteractingNetworks class provides a rich collection of network measures and models specifically designed for
investigating the structure of networks of networks (also called interacting networks, interdependent networks or
multiplex networks in different contexts). Examples include the cross-link density of connections between different
subnetworks or the cross-shortest path betweenness quantifying the importance of nodes for mediating interactions
between different subnetworks. Models of interacting networks allow to assess the degree of organization of the
cross-connectivity between subnetworks.

e core.interacting_networks

15
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4.4 Node-weighted network measures / node-splitting invariance

Node-weighted networks measures derived following the node-splitting invariance approach are useful for studying
systems with nodes representing subsystems of heterogeneous size, weight, area, volume or importance, e.g., nodes
representing grid cells of widely different area in climate networks or voxels of differing volume in functional brain
networks. pyunicorn provides node-weighted variants of most standard and non-standard measures for networks
as well as interacting networks.

e core.network

* core.interacting_networks

4.5 Climate networks / Coupled climate networks

pyunicorn provides classes for the easy construction and analysis of the statistical interdependency structure
within and between fields of time series (functional networks) using various similarity measures such as Pearson
and Spearman correlation, lagged linear correlation, mutual information and event synchronization. Climate net-
works allow the analysis of single fields of time series, whereas coupled climate networks focus on studying the
interrelationships between two fields of time series. While there is a historical focus on applications to climate
data, those methods can also be applied to other sources of time series data such as neuroscientific (e.g., FMRI and
EEG data) or financial data (e.g., stock market indices).

e climate.climate_network
* climate.coupled_climate_network

e climate.climate_data

4.6 Recurrence networks / recurrence quantification analysis / re-
currence plots

Recurrence analysis is a powerful method for studying nonlinear systems, particularly based on univariate and
multivariate time series data. Recurrence quantification analysis (RQA) and recurrence network analysis (RNA)
allow to classify different dynamical regimes in time series and to detect regime shifts, dynamical transitions
or tipping points, among many other applications. Bivariate methods such as joint recurrence plots/networks,
cross recurrence plots or inter system recurrence networks allow to investigate the coupling structure between two
dynamical systems based on time series, including methods to detect the directionality of coupling. Recurrence
analysis is applicable to general time series data from many fields such as climatology, paleoclimatology, medicine,
neuroscience or economics.

* timeseries.recurrence_plot

* timeseries.recurrence_network

* timeseries.joint_recurrence_plot

* timeseries.joint_recurrence_network
* timeseries.cross_recurrence_plot

* timeseries.inter_system_recurrence_network

16 Chapter 4. Methods
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4.7 Visibility graph analysis

Visibility graph analysis is an alternative approach to nonlinear time series analysis, allowing to study among
others fractal properties and long-term memory in time series. As a special feature, pyunicorn provides time-
directed measures such as advanced and retarded degree/clustering that can be used for designing tests for time-
irreversibility (time-reversal asymmetry) of processes.

e timeseries.visibility_graph

4.8 Surrogate time series

Surrogate time series are useful for testing hypothesis on observed time series properties, e.g., on what features
of a time series are expected to arise with high probability for randomized time series with the same autocorrela-
tion structure. pyunicorn can be used to generate various types of time series surrogates, including white noise
surrogates, Fourier surrogates, amplitude adjusted Fourier (AAFT) surrogates or twin surrogates (conserving the
recurrence structure of the underlying time series).

* timeseries.surrogates

4.7. Visibility graph analysis 17
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CHAPTER
FIVE

API

Release
0.7.0al

Date
Jul 30, 2023

pyunicorn consists of six subpackages, where the core and utils.mpi namespaces are to be accessed by calling
import pyunicorn. The subpackage eventseries only contains one function and will be extended in one of
the next versions. All subpackages except for utils directly export the classes defined in their submodules.

5.1 core

General network analysis and modeling.

5.1.1 core.data
Provides classes for analyzing spatially embedded complex networks, handling multivariate data and generating
time series surrogates.

class pyunicorn.core.data.Data(observable, grid, observable_name=None,
observable_long_name=None, window=None, silence_level=0)

Bases: object

Encapsulates general spatio-temporal data.

Also contains methods to load data from various file formats (currently NetCDF and ASCII).
Mainly an abstract class.

classmethod Load(file_name, observable_name, file_type, dimension_names=None, window=None,
vertical_level=None, silence_level=0)

Initialize an instance of Data.
Supported file types file_type are:
* “NetCDF” for regular (rectangular) grids
* “iNetCDF” for irregular (e.g. geodesic) grids or station data.

The spatio-temporal window is described by the following dictionary:

window = {"time_min": 0., "time_max": 0., "lat_min": 0.,
"lat_max": 0., "lon_min": 0., "lon_max": 0.}
Note: It is assumed that the NetCDF file to be loaded uses the following dimen-

sion names: lat, lon, time (e.g., as is the case for NCEP/NCAR reanalysis 1 data
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(http://www.estl.noaa.gov/psd/data/gridded/data.ncep.reanalysis.html)).
sion names can be modified using the dimension_names argument.
class constructor __init__() needs to be used after loading the data manually, e.g., employing

netcdf4-python or scipy.io.netcdf functionality.

Parameters

file_name (str)— The name of the data file.

observable_name (str) — The short name of the observable within data file (partic-
ularly relevant for NetCDF).

file_type (str) — The type of the data file.

dimension_names (dict)— The names of the dimensions as used in the NetCDF file.
Default: {“lat”: “lat”, “lon”: “lon”, “time”: “time”}

window (dict) — Spatio-temporal window to select a view on the data.

vertical_level (int) — The vertical level to be extracted from the data file. Is
ignored for horizontal data sets. If None, the first level in the data file is chosen.

silence_level (int) — The inverse level of verbosity of the object.

static SmallTestData()

Return test data set of 6 time series with 10 sampling points each.

Example:

>>> Data.SmallTestData() .observable()
array([[ 0.00000000e+00, 1.00000000e+00, 1.22464680e-16,
-1.00000000e+00, -2.44929360e-16, 1.00000000e+007,
[ 3.09016994e-01, 9.51056516e-01, -3.09016994e-01,
-9.51056516e-01, 3.09016994e-01, 9.51056516e-01],
[ 5.87785252e-01, 8.09016994e-01, -5.87785252e-01,
-8.09016994e-01, 5.87785252e-01, 8.09016994e-01],
[ 8.09016994e-01, 5.87785252e-01, -8.09016994e-01,
-5.87785252e-01, 8.09016994e-01, 5.87785252e-01]7,
[ 9.51056516e-01, 3.09016994e-01, -9.51056516e-01,
-3.09016994e-01, 9.51056516e-01, 3.09016994e-01]7,
[ 1.00000000e+00, 1.22464680e-16, -1.00000000e+00,
-2.44929360e-16, 1.00000000e+00, 3.67394040e-16],
[ 9.51056516e-01, -3.09016994e-01, -9.51056516e-01,
3.09016994e-01, 9.51056516e-01, -3.09016994e-01],
[ 8.09016994e-01, -5.87785252e-01, -8.09016994e-01,
5.87785252e-01, 8.09016994e-01, -5.87785252e-01],
[ 5.87785252e-01, -8.09016994e-01, -5.87785252e-01,
8.09016994e-01, 5.87785252e-01, -8.09016994e-01],
[ 3.09016994e-01, -9.51056516e-01, -3.09016994e-01,

9.51056516e-01, 3.09016994e-01, -9.51056516e-01]])
Return type

Data instance

Returns
a Data instance for testing purposes.

__init__(observable, grid, observable_name=None, observable_long_name=None, window=None,
silence_level=0)

Initialize an instance of Data.
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The spatio-temporal window is described by the following dictionary:

window = {"time_min": 0., "time_max": 0., "lat_min": 0.,
"lat_max": 0., "lon_min": 0., "lon_max": 0.}
Parameters

* observable (2D array [time, index])— The array of time series to be repre-
sented by the Data instance.

e grid (GeoGrid instance) — The Grid representing the spatial coordinates associated
to the time series and their temporal sampling.

¢ observable_name (str) — A short name for the observable.
e observable_long_name (str)— A long name for the observable.
» window (dict) — Spatio-temporal window to select a view on the data.

e silence_level (int) — The inverse level of verbosity of the object.

_str__QO
Return a string representation of the object.

__weakref_ _
list of weak references to the object (if defined)

classmethod _get_netcdf_data(file_name, file_type, observable_name, dimension_names,
vertical_level=None, silence_level=0)

Import data from a NetCDF file with a regular and rectangular grid.
Supported file types file_type are:
* “NetCDF” for regular (rectangular) grids

* “iNetCDF” for irregular (e.g. geodesic) grids or station data

Parameters
e file_name (str)— The name of the data file.
e file_type (str)— The format of the data file.

¢ observable_name (str) — The short name of the observable within data file (partic-
ularly relevant for NetCDF).

¢ dimension_names (dict)— The names of the dimensions as used in the NetCDF file.

ELINY3 99, <

E.g., dimension_names = {“lat”: “lat”, “lon”: “lon”, “time”: “time”}.

e vertical_level (int) — The vertical level to be extracted from the data file. Is
ignored for horizontal data sets. If None, the first level in the data file is chosen.

* silence_level (int) — The inverse level of verbosity of the object.

classmethod _load_data(file_name, file_type, observable_name, dimension_names,
vertical_level=None, silence_level=0)

Load data into a Numpy array and create a corresponding GeoGrid object.
Supported file types file_type are:
* “NetCDF” for regular (rectangular) grids

* “iNetCDF” for irregular (e.g. geodesic) grids or station data

Parameters

* file_name (str) — The name of the data file.

5.1.
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e file_type (str)— The format of the data file.

¢ observable_name (str) — The short name of the observable within data file (partic-
ularly relevant for NetCDF).

¢ dimension_names (dict)— The names of the dimensions as used in the NetCDF file.

ELINT3 99, <

E.g., dimension_names = {“lat”: “lat”, “lon”: “lon”, “time”: “time”}.

e vertical_level (int) — The vertical level to be extracted from the data file. Is
ignored for horizontal data sets. If None, the first level in the data file is chosen.

* silence_level (int) — The inverse level of verbosity of the object.

_observable

Current spatio-temporal view on the data.

clear_cache()

Clean up cache.
Is reversible, since all cached information can be recalculated from basic data.

static cos_window(data, gamma)
Return a cosine window fitting the shape of the data argument.

The window is one for most of the time and goes to zero at the boundaries of each time series in the
data array.

The width of the cosine shaped decay region is controlled by the shape parameter gamma:
¢ Gamma=1 means, that each of the two decay regions extends over half of the time series.

* Gamma=0 means, that the decay regions vanish and the window transformation becomes the iden-

tity.
Example:
>>> ts = np.arange(24) .reshape(12,2)
>>> Data.cos_window(data=ts, gamma=0.75)
array([[ O. , 0. 1, [ 0.14644661, 0.14644661],
[ 0.5 , 0.5 1, [ 0.85355339, 0.85355339],
[ 1. , 1. Iy [ 1, , 1. s
[ 1. , 1. Iy [ 1 , 1. 15
[ .85355339, 0.85355339], [ 0.5 , 0.5 1,
[ 0.14644661, 0.14644661]1, [ © , O. 11
Parameters

e data (2D Numpy array [time, index]) — The data array to be fitted by cosine
window.

e gamma (number (float)) - The cosine window shape parameter.

Return type
2D Numpy array [time, index]

Returns
the cosine window fitting data array.
grid
The GeoGrid object associated with the data.

static next_power_2(i)

Return the power of two 2”n, that is greater or equal than i.

Example:
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>>> Data.next_power_2(253)
256

Parameters
i (number (float)) - Some real number.

Return type
number (float)

Returns

the power of two greater of equal than a given value.

static normalize_time_series_array (time_series_array)

Normalize an array of time series to zero mean and unit variance individually for each individual time
series.

Works also for complex valued time series.
Modifies the given array in place!

Example:

>>> ts = np.arange(16).reshape(4,4).astype("float™)

>>> Data.normalize_time_series_array(ts)

>>> ts.mean(axis=0)

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

>>> ts.std(axis=0)

array([ 1., 1., 1., 1.1)

>>> ts[:,0]

array([-1.34164079, -0.4472136 , 0.4472136 , 1.34164079])

Parameters
time_series_array (2D Numpy array [time, index])- The time series array to
be normalized.

observable()
Return the current spatio-temporal view on the data.

Example:

>>> Data.SmallTestData() .observable() [0, :]
array([ 0.00000000e+00, 1.00000000e+00, 1.22464680e-16,
-1.00000000e+00, -2.44929360e-16, 1.00000000e+00])

Return type
2D Numpy array [time, space]

Returns

the current spatio-temporal view on the data.

observable_long_name
(str) - The long name of the observable within data file.

observable_name
(str) - The short name of the observable within data file (particularly relevant for NetCDF).
print_data_info()

Print information on the data encapsulated by the Data object.

5.1.
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static rescale(array, var_type)

Rescale an array to a given data type.

Returns the tuple (scaled_array, scale_factor, add_offset, actual_range). Allows flexible handling of
final amount of used storage volume for the file.

Parameters
e array -
* var_type (str) — Determines the desired final data type of the array.

set_global_window()
Set the view on the whole data set.

Select the full data set and creates a data array as well as a corresponding GeoGrid object to access this
window from outside.

Example (Set smaller window and subsequently restore global window):

>>> data = Data.SmallTestData()

>>> data.set_window(window={"time_min": 0., "time_max": 4.,
"lat_min": 10., "lat_max": 20., "lon_min": 5.,

e "lon_max": 10.})

>>> data.grid.grid()["lat"]

array([ 10., 15.], dtype=float32)

>>> data.set_global_window()

>>> data.grid.gridQQ["lat"]

array([ 0., 5., 10., 15., 20., 25.], dtype=float32)

set_silence_level (silence_level)
Set the silence level.

Includes dependent objects such as grid.

Parameters
silence_level (number (int))- The inverse level of verbosity of the object.

set_window(window)

Select a rectangular spatio-temporal region from the data set.
Create a data array as well as a corresponding GeoGrid object to access this window.

The time axis of the underlying raw data is assumed to be ordered and increasing. The latitude and
longitude sequences can be arbitrarily chosen, i.e., no ordering and no regular grid is required.

The spatio-temporal window is described by the following dictionary:

window = {"time_min": 0., "time_max": 0., "lat_min": 0.,
"lat_max": 0., "lon_min": 0., "lon_max": 0.}

If the temporal boundaries are equal, the data’s full time range is selected. If any of the two corre-
sponding spatial boundaries are equal, the data’s full spatial extension is included.

Example:

>>> data = Data.SmallTestData()
>>> data.set_window(window={
"time_min": 0., "time_max": 4., "lat_min": 10.,
"lat_max": 20., "lon_min": 5., "lon_max": 10.})
>>> data.observable()
array([[ 1.22464680e-16, -1.00000000e+00],
[ -3.09016994e-01, -9.51056516e-01],
[ -5.87785252e-01, -8.09016994e-01],

(continues on next page)
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(continued from previous page)

[ -8.09016994e-01, -5.87785252e-01],
[ -9.51056516e-01, -3.09016994e-0111)

Parameters
window (dictionary) — A spatio-temporal window to select a view on the data.

silence_level

(int) - The inverse level of verbosity of the object.

window ()

Return the current spatio-temporal window.

Examples:

>>> Data.SmallTestData() .window() ["lon_min"]
2.5

>>> Data.SmallTestData() .window() ["lon_max"]
15.0

Return type
dictionary

Returns

the current spatio-temporal window.

static zero_pad_data(data)

Return zero padded data, such that the length of individual time series is a power of 2.

Example:

>>> ts = np.arange(20).reshape(5,4)

>>> Data.zero_pad_data(ts)

array([[ ©., 0., 0., 0.1, [ O., 1., 2., 3.1,
[ 4., 5., 6., 7.1, [ 8., 9., 10., 11.7,
[ 12., 13., 14., 15.1, [ 16., 17., 18., 19.1,
[ 0., 0., 0., 0.1, [ 0., 0., 0., 0.11)

Parameters

data (2D Numpy array [time, index])- The data array to be zero padded.

Return type
2D Numpy array [time, index]

Returns
the zero padded data array.
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5.1.2 core.geo_grid

Provides class for horizontal two-dimensional spatio-temporal grid.

class pyunicorn.core.geo_grid.GeoGrid (time_seq, lat_seq, lon_seq, silence_level=0)

Bases: Grid
Encapsulates a horizontal two-dimensional spatio-temporal grid on the sphere.

The spatial grid points can be arbitrarily distributed, which is useful for representing station data or geodesic
grids.

static LoadTXT (filename)
Return a GeoGrid object stored in text files.
The latitude, longitude and time sequences are loaded from three separate text files.

Parameters

filename (str) — The name of the files where the GeoGrid object is stored (excluding
endings).

Return type
Grid object

Returns
GeoGrid instance.

static RegularGrid(time_seq, lat_grid, lon_grid, silence_level=0)

Initialize an instance of a regular grid.

Examples:

>>> GeoGrid.RegularGrid(

time_seq=np.arange(2), lat_grid=np.array([0.,5.]),
- lon_grid=np.array([1.,2.]), silence_level=2).lat_sequence()
array([ 0., 0., 5., 5.], dtype=float32)
>>> GeoGrid.RegularGrid(

time_seq=np.arange(2), lat_grid=np.array([0.,5.]),
.. lon_grid=np.array([1.,2.]), silence_level=2).lon_sequence()
array([ 1., 2., 1., 2.], dtype=float32)

Parameters

e time_seq (1D Numpy array [time])- The increasing sequence of temporal sam-
pling points.

e lat_grid (1D Numpy array [n_lat])- The latitudinal grid.
e lon_grid (1D Numpy array [n_lon])- The longitudinal grid.
» silence_level (number (int)) - The inverse level of verbosity of the object.

Return type
GeoGrid object

Returns

GeoGrid instance.

static SmallTestGrid()

Return test grid of 6 spatial grid points with 10 temporal sampling points each.

Return type
GeoGrid instance

Returns
a GeoGrid instance for testing purposes.

26 Chapter 5. API



pyunicorn Documentation, Release 0.7.0a1

__init__(time_seq, lat_seq, lon_seq, silence_level=0)

Initialize an instance of GeoGrid.
Parameters

e time_seq (1D Numpy array [time])- The increasing sequence of temporal sam-
pling points.

e lat_seq (1D Numpy array [index]) — The sequence of latitudinal sampling
points.

e lon_seq (1D Numpy array [index]) — The sequence of longitudinal sampling
points.

e silence_level (number (int)) - The inverse level of verbosity of the object.

_str__0O

Return a string representation of the GeoGrid object.

angular_distance()

Return the angular great circle distance matrix.

No normalization applied anymore! Return values are in the range 0 to Pi.

Example:
>>> rr(GeoGrid.SmallTestGrid() .angular_distance(), 2)
[['0' '0.1" '0.19' '0.29"' '0.39' '0.48']

['0.1" 'Q' '0.1" '0.19" '0.29' '0.39']

['0.19" '8.1" '0' '0.1" '0.19' '0.29']

['0.29" '§.19" '0.1' 'O’ '0.1" '0.19']

['0.39" '0.29" '0.19' '0.1" 'O' '0.1']

['0.48" '0.39" '0.29' '0.19" '0.1' '0']]

Return type
2D Numpy array [index, index]

Returns

the angular great circle distance matrix.

boundaries()
Return the spatio-temporal grid boundaries.

Structure of the returned dictionary:

¢ boundaries = {“time_min”’: self._boundaries[‘‘time_min’’],

“time_max’": self._boundaries[“time_max’], “lat_min’":
self._boundaries[“space_min”][0],  “lat_max’: self._boundaries[“space_max”][1],
“lon_min”": self._boundaries[“space_min’’][0], “lon_max’:

self._boundaries[“space_max’’][1]}
Return type
dictionary
Returns

the spatio-temporal grid boundaries.

calculate_angular_distance()

Calculate and return the angular great circle distance matrix.
No normalization applied anymore! Return values are in the range 0 to Pi.

Return type
2D Numpy array [index, index]

5.1.
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Returns
the angular great circle distance matrix (unit radians).

clear_cache()
Clean up cache.

Is reversible, since all cached information can be recalculated from basic data.

convert_lon_coordinates(lon_seq)
Return longitude coordinates in the system -180 deg W <= lon <= +180 deg O for all nodes.

Accepts longitude coordinates in the system 0 deg <= lon <= 360 deg. 0 deg corresponds to Greenwich,
England.

Example:

>>> GeoGrid.SmallTestGrid().convert_lon_coordinates(
.. np.array([10.,350.,20.,340.,170.,190.1))
array([ 10., -10., 20., -20., 170., -170.1)

Parameters
lon_seq (1D Numpy array [index])- Sequence of longitude coordinates.

Return type
1D Numpy array [index]

Returns
the converted longitude coordinates for all nodes.

static coord_sequence_from_rect_grid(lar_grid, lon_grid)
Return the sequences of latitude and longitude for a regular and rectangular grid.

Example:

>>> GeoGrid.coord_sequence_from_rect_grid(
.- lat_grid=np.array([0.,5.]), lon_grid=np.array([1.,2.]))
(array([ 0., ©0., 5., 5.1), array([ 1., 2., 1., 2.1))

Parameters
e lat_grid (1D Numpy array [lat])- The grid’s latitudinal sampling points.
e lon_grid (1D Numpy array [lon])- The grid’s longitudinal sampling points.

Return type
tuple of two 1D Numpy arrays [index]

Returns
the coordinates of all nodes in the grid.

cos_lat()

Return the sequence of cosines of latitude for all nodes.

Example:

>>> r(GeoGrid.SmallTestGrid().cos_lat([:2])
array([ 1. , 0.9962])

Return type
1D Numpy array [index]

Returns
the cosine of latitudes for all nodes.
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cos_lon()
Return the sequence of cosines of longitude for all nodes.

Example:

>>> r(GeoGrid.SmallTestGrid().cos_lon()[:2])
array([ 0.999 , 0.9962])

Return type
1D Numpy array [index]

Returns
the cosine of longitudes for all nodes.
distance()
Calculate and return the standard distance matrix of the corresponding grid type

Return type
2D Numpy array [index, index]

Returns
the distance matrix.

gridQ
Return the grid’s spatio-temporal sampling points.
Structure of the returned dictionary:

o grid = {“time”: self._grid[“time”],
“lat”: self._grid[“space”][0], “lon”: self._grid[“space”][1]}

Examples:

>>> Grid.SmallTestGrid() .grid() ["space"][0]

array([ 0., 5., 10., 15., 20., 25.], dtype=float32)
>>> Grid.SmallTestGrid() .grid() ["space"][0][5]

15.0

Return type
dictionary

Returns

the grid’s spatio-temporal sampling points.

lat_sequence()
Return the sequence of latitudes for all nodes.

Example:

>>> GeoGrid.SmallTestGrid().lat_sequence()
array([ 0., 5., 10., 15., 20., 25.], dtype=float32)

Return type
1D Numpy array [index]

Returns

the sequence of latitudes for all nodes.

lon_sequence()
Return the sequence of longitudes for all nodes.

Example:

5.1.
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>>> GeoGrid.SmallTestGrid() .lon_sequence()
array([ 2.5, 5., 7.5, 10. , 12.5, 15. ], dtype=float32)

Return type
1D Numpy array [index]

Returns
the sequence of longitudes for all nodes.

node_number (lat_node, lon_node)
Return the index of the closest node given geographical coordinates.

Example:

>>> GeoGrid.SmallTestGrid() .node_number(lat_node=14., lon_node=9.)
3

Parameters
e lat_node (number (float)) - The latitude coordinate.
¢ lon_node (number (float)) - The longitude coordinate.

Return type
number (int)

Returns
the closest node’s index.

print_boundaries()
Pretty print the spatio-temporal grid boundaries.

Example:

>>> print(GeoGrid.SmallTestGrid() .print_boundaries())
time lat lon
min 0.0 0.00 2.50
max 9.0 25.00 15.00

Return type
string

Returns

printable string for the spatio-temporal grid boundaries

static region(name)

Return some standard regions.
region_indices (region)
Returns a boolean array of nodes with True values when the node is inside the region.

Example:

>>> GeoGrid.SmallTestGrid() .region_indices(
. np.array([0.,0.,0.,11.,11.,11.,11.,0.])) .astype(int)
array([0, 1, 1, 0, O, 0])

Parameters
region (1D Numpy array [n_polygon_nodes]) — array of lon, lat, lon, lat, ... [-
80.2,5.,-82.4,5.3, ...] as copied from Google Earth Polygon file
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Return type
1D bool array [index]

Returns
bool array with True for nodes inside region

save_txt (filename)

Save the GeoGrid object to text files.

The latitude, longitude and time sequences are stored in three separate text files.
Parameters
filename (str) — The name of the files where Grid object is stored (excluding ending).
sin_lat()
Return the sequence of sines of latitude for all nodes.

Example:

>>> r(GeoGrid.SmallTestGrid().sin_lat(Q[:2])
array([ 0. , 0.0872])

Return type
1D Numpy array [index]

Returns
the sine of latitudes for all nodes.
sin_lon()
Return the sequence of sines of longitude for all nodes.

Example:

>>> r(GeoGrid.SmallTestGrid().sin_lon()[:2])
array([ 0.0436, 0.0872])

Return type
1D Numpy array [index]

Returns
the sine of longitudes for all nodes.

5.1.3 core.geo_network

Provides class for analyzing complex network embedded on a spherical surface.

class pyunicorn.core.geo_network.GeoNetwork (grid, adjacency=None, edge_list=None,
directed=False, node_weight_type='"surface’,
silence_level=0)
Bases: SpatialNetwork

Encapsulates a network embedded on a spherical surface.

Particularly adds more network measures and statistics based on the spatial embedding.
Variables
node_weight_type — (string) - The type of geographical node weight to be used.
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static Load(filename_network, filename_grid, fileformat=None, silence_level=0, *args, **kwds)

Return a GeoNetwork object stored in files.

Unified reading function for graphs. Relies on and partially extends the corresponding igraph function.
Refer to igraph documentation for further details on the various reader methods for different formats.

This method tries to identify the format of the graph given in the first parameter and calls the corre-
sponding reader method.

Existing node and link attributes/weights are also restored depending on the chosen file format. E.g.,
the formats GraphML and gzipped GraphML are able to store both node and link weights.

The remaining arguments are passed to the reader method without any changes.
Parameters

* filename_network (str) — The name of the file where the Network object is to be
stored.

e filename_grid (str) - The name of the file where the GeoGrid object is to be stored
(including ending).

e fileformat (str) — the format of the file (if known in advance) None means
auto-detection. Possible values are: "ncol" (NCOL format), "1gl" (LGL format),
"graphml", "graphmlz" (GraphML and gzipped GraphML format), "gml" (GML
format), "net", "pajek" (Pajek format), "dimacs" (DIMACS format), "edgelist",
"edges" or "edge" (edge list), "adjacency" (adjacency matrix), "pickle" (Python
pickled format).

e silence_level (int) — The inverse level of verbosity of the object.

Return type
SpatialNetwork object

Returns
GeolNetwork instance.

static Model (network_model, grid, node_weight_type='surface’, **kwargs)

Return a new model graph generated with the specified network model and embedded on a geographical
grid
static SmallTestNetwork()

Return a 6-node undirected geographically embedded test network.

The test network consists of the SmallTestNetwork of the Network class with node coordinates given
by the SmallTestGrid of the GeoGrid class.

The network looks like this:

3-1
I B
5-0-4 -

2

Return type
GeoNetwork instance

Returns
an instance of GeoNetwork for testing purposes.

__init__(grid, adjacency=None, edge_list=None, directed=False, node_weight_type='surface’,
silence_level=0)

Initialize an instance of GeoNetwork.
Parameters

e grid (GeoGrid) — The GeoGrid object describing the network’s spatial embedding.
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e adjacency (2D array (int8) [index, index])-The network’s adjacency ma-
trix.

e edge_list (array-like list of 1lists)-— Edge list of the new network. Entries
[i,0], [i,1] contain the end-nodes of an edge.

directed (bool) — Determines, whether the network is treated as directed.
* node_weight_type (str) — The type of geographical node weight to be used.

e silence_level (int) — The inverse level of verbosity of the object.

Possible choices for node_weight_type:
* None (constant unit weights)
e “surface” (cos lat)
* “irrigation” (cos? lat)
__str__Q
Return a string representation of the GeoNetwork object.

_calculate_general_connectivity_weighted_distance (adjacency, degrees)
Return general connectivity weighted link distances (CWD).

This method is called to calculate undirected CWD, in-CWD and out-CWD.
Parameters
* adjacency (2D array [index, index])- The adjacency matrix.
* degrees (1D array [index])- The degree sequence.

Return type
1D array [index]

Returns
the general connectivity weighted distance sequence.

area_weighted_connectivity ()
Return area weighted connectivity (AW C).

It gives the fractional area of the network, a node is connected to. AW ' is closely related to node
splitting invariant degree Network.nsi_degree () with area as node weight.

Example:

>>> r(GeoNetwork.SmallTestNetwork() .area_weighted_connectivity())
array([ 0.4854, 0.499 , 0.3342, 0.3446, 0.5146, 0.1726])

Return type
1D Numpy array [index]

Returns

the area weighted connectivity sequence.

area_weighted_connectivity_cumulative_distribution(n_bins)

Return the cumulative area weighted connectivity distribution.
Also return estimated statistical error and lower bin boundaries.

Example:
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—,connectivity_cumulative_distribution(
- n_bins=4)[0])
array([ 1. , 0.8435, 0.5068, 0.1622])

>>> r(GeoNetwork.SmallTestNetwork() . area_weighted_

Parameters
n_bins (number (int)) - The number of bins for histogram.

Return type
tuple of three 1D Numpy arrays [bin]

Returns

the cumulative AW C distribution, statistical error, and lower bin boundaries.

area_weighted_connectivity_distribution(n_bins)

Return the area weighted connectivity frequency distribution.
Also return estimated statistical error and lower bin boundaries.

Example:

—,connectivity_distribution(n_bins=4)[0])
array([ 0.1565, 0.3367, 0.3446, 0.1622])

>>> r(GeoNetwork.SmallTestNetwork() . area_weighted_

Parameters
n_bins (number (int)) - The number of bins for histogram.

Return type
tuple of three 1D Numpy arrays [bin]

Returns

the AW C distribution, statistical error, and lower bin boundaries.

average_neighbor_area_weighted_connectivity()
Return average neighbor area weighted connectivity.

Note: Does not use directionality information.

Example:

—weighted_connectivity())
array([ 0.3439, 0.3978, 0.5068, 0.4922, 0.4395, 0.4854])

>>> r(GeoNetwork.SmallTestNetwork() . average_neighbor_area_

Return type
1D Numpy array [index]

Returns
the average neighbor area weighted connectivity sequence.

boundary (nodes, geodesic=True, gap=0.0)

Return a list of ordered lists of nodes on the connected parts of the boundary of a subset of nodes and

a list of ordered lists of (lat,lon) coordinates of the corresponding polygons

« EXPERIMENTAL! *
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clear_cache()

Clean up cache.
Is reversible, since all cached information can be recalculated from basic data.

connectivity_weighted_distance()

Return undirected connectivity weighted link distances (CWD).

Note: Does not use directionality information.

Example:

>>> r(GeoNetwork.SmallTestNetwork(). connectivity_weighted_
—distance())
array([ 0.0625, 0.0321, 0.0241, 0.0419, 0.05 , 0.0837])

Return type
1D Numpy array [index]

Returns

the undirected connectivity weighted distance sequence.

geographical_cumulative_distribution(sequence, n_bins)

Return a normalized geographical cumulative distribution.
Also return estimated statistical error and the lower bin boundaries.

This function counts which percentage of total surface area has a value of sequence larger or equal than
the one bounded by a specific bin and NOT which number of nodes does so.

Note: Be aware that this method only returns meaningful results for regular rectangular grids, where
the representative area of each node is proportional to the cosine of its latitude.

Example:

>>> net = GeoNetwork.SmallTestNetwork()

>>> r(net.geographical_cumulative_distribution(
.. sequence=net.degree(), n_bins=3)[0])
array([ 1. , 0.8435, 0.5068])

Parameters

* sequence (1D Numpy array [index])- The input sequence (e.g., some local net-
work measure).

e n_bins (number (int))- The number of bins for histogram.

Return type
tuple of three 1D Numpy arrays [bin]

Returns
the cumulative geographical distribution, statistical error, and lower bin boundaries.

geographical_distribution(sequence, n_bins)
Return a normalized geographical frequency distribution.

Also return the estimated statistical error and lower bin boundaries.

This function counts which percentage of total surface area falls into a bin and NOT which number of
nodes does so.
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Note: Be aware that this method only returns meaningful results for regular rectangular grids, where
the representative area of each node is proportional to the cosine of its latitude.

Example:

>>> net = GeoNetwork.SmallTestNetwork()

>>> r(net.geographical_distribution(

. sequence=net.degree(), n_bins=3)[0])
array([ 0.1565, 0.3367, 0.5068])

grid

Parameters

* sequence (1D Numpy array [index])-— The input sequence (e.g., some local net-
work measure).

e n_bins (number (int))- The number of bins for histogram.

Return type
tuple of three 1D Numpy arrays [bin]

Returns
the geographical distribution, statistical error, and lower bin boundaries.

(Grid) - GeoGrid object describing the network’s spatial embedding

inarea_weighted_connectivity()

Return in-area weighted connectivity.

It gives the fractional area of the netwerk that connects to a given node. For undirected networks, it
calculates total area weighted connectivity.

Example:

>>> r(GeoNetwork.SmallTestNetwork() .inarea_weighted_connectivity())
array([ 0.4854, 0.499 , 0.3342, 0.3446, 0.5146, 0.1726])

Return type
1D Numpy array [index]

Returns
the in-area weighted connectivity sequence.

inarea_weighted_connectivity_cumulative_distribution(n_bins)

Return the cumulative in-area weighted connectivity distribution.
Also return estimated statistical error and lower bin boundaries.

Example:

>>> r(GeoNetwork.SmallTestNetwork() . inarea_weighted_
—,connectivity_cumulative_distribution(

e n_bins=4)[0])

array([ 1. , 0.8435, 0.5068, 0.1622])

Parameters
n_bins (number (int)) - The number of bins for histogram.

Return type
tuple of three 1D Numpy arrays [bin]
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Returns
the cumulative in-AW C distribution, statistical error, and lower bin boundaries.

inarea_weighted_connectivity_distribution(n_bins)
Return the in-area weighted connectivity frequency distribution.
Also return estimated statistical error and lower bin boundaries.

Example:

>>> r(GeoNetwork.SmallTestNetwork() . inarea_weighted_
—,connectivity_distribution(n_bins=4)[0])
array([ 0.1565, 0.3367, 0.3446, 0.1622])

Parameters
n_bins (number (int)) - The number of bins for histogram.

Return type
tuple of three 1D Numpy arrays [bin]

Returns
the in-AW C distribution, statistical error, and lower bin boundaries.

inconnectivity_weighted_distance()
Return in-connectivity weighted link distances (CWD).

Example:

>>> r(GeoNetwork.SmallTestNetwork() . inconnectivity_weighted_
—distance())
array([ 0.0625, 0.0321, 0.0241, 0.0419, 0.05 , 0.0837])

Return type
1D Numpy array [index]

Returns
the in-connectivity weighted distance sequence.

intotal_link_distance(geometry_corrected=False)
Return the sequence of in-total link distances for all nodes.

Example:

>>> r(GeoNetwork.SmallTestNetwork(). intotal_link_
—.distance(geometry_corrected=False))
array([ 0.1886, 0.097 , 0.0486, 0.0838, 0.1498, 0.0837])

Parameters
geometry_corrected (bool) — Toggles geometry correction.

Return type
1D array [index]

Returns
the in-total link distance sequence.

local_geographical_clustering()
Return local geographical clustering.
Returns the sequence of local clustering coefficients weighted by the inverse angular great circle dis-

tance between nodes. This guarantees, that short links between spatially neighboring nodes in a triangle
are weighted higher than long links between nodes that are spatially far away.
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Uses a definition of weighted clustering coefficient introduced in [Holme2007].

Note: Experimental measure!

Example:

>>> r(GeoNetwork.SmallTestNetwork() .local _geographical_ clustering())
Calculating local weighted clustering coefficient...
array([ 0. , 0.0998, 0.1489, 0. , 0.2842, 0. 1)

Return type
1D Numpy array (index)

Returns

the local geographical clustering sequence.

max_neighbor_area_weighted_connectivity()

Return maximum neighbor area weighted connectivity.

Note: Does not use directionality information.

>>> r(GeoNetwork.SmallTestNetwork(). max_neighbor_area_
—weighted_connectivity())
array([ 0.5146, 0.5146, 0.5146, 0.499 , 0.499 , 0.4854])

Return type
1D Numpy array [index]

Returns

the maximum neighbor area weighted connectivity sequence.

nsi_connected_hamming_cluster_tree(lon_closed=True, lat_closed=False, alpha=0.01)

Perform NSI agglomerative clustering.

Minimize in each step the Hamming distance between the original and the clustered network, but only
joins connected clusters.

Return c¢,h where c[i,j] =i iff node j is in cluster no. i, and 0 otherwise, and h is the corresponding list
of total resulting relative Hamming distance between 0 and 1. The cluster numbers for all nodes and a
k clusters solution is then c[:2*N-k,:].max(axis=0)

Parameters
¢ lon_closed (bool) - TODO
¢ lat_closed (bool) - TODO
e alpha (float) —- TODO

Return type
TODO

Returns
TODO

outarea_weighted_connectivity()

Return out-area weighted connectivity.

It gives the fractional area of the netwerk that a given node connects to. For undirected networks, it
calculates total area weighted connectivity.
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Example:

>>> r(GeoNetwork.SmallTestNetwork() . outarea_weighted_
—connectivity())
array([ 0.4854, 0.499 , 0.3342, 0.3446, 0.5146, 0.1726])

Return type
1D Numpy array [index]

Returns

the out-area weighted connectivity sequence.

outarea_weighted_connectivity_cumulative_distribution(n_bins)
Return the cumulative out-area weighted connectivity distribution.

Also return estimated statistical error and lower bin boundaries.

Example:

>>> r(GeoNetwork.SmallTestNetwork() . outarea_weighted_
—,connectivity_cumulative_distribution(

- n_bins=4)[0])

array([ 1. , 0.8435, 0.5068, 0.1622])

Parameters
n_bins (number (int))- The number of bins for histogram.

Return type
tuple of three 1D Numpy arrays [bin]

Returns
the cumulative out-AW C distribution, statistical error, and lower bin boundaries.

outarea_weighted_connectivity_distribution(n_bins)
Return the out-area weighted connectivity frequency distribution.

Also return estimated statistical error and lower bin boundaries.

Example:

>>> r(GeoNetwork.SmallTestNetwork() . outarea_weighted_
—,connectivity_distribution(n_bins=4)[0])
array([ 0.1565, 0.3367, 0.3446, 0.1622])

Parameters
n_bins (number (int)) - The number of bins for histogram.

Return type
tuple of three 1D Numpy arrays [bin]

Returns

the out- AW C distribution, statistical error, and lower bin boundaries.

outconnectivity_weighted_distance()
Return out-connectivity weighted link distances (CWD).

Example:

>>> r(GeoNetwork.SmallTestNetwork(). outconnectivity_weighted_
—distance())
array([ 0.0625, 0.0321, 0.0241, 0.0419, 0.05 , 0.0837])
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Return type
1D Numpy array [index]

Returns

the out-connectivity weighted distance sequence.

outtotal_link_distance(geometry_corrected=False)

Return the sequence of out-total link distances for all nodes.

Example:

>>> r(GeoNetwork.SmallTestNetwork() . outtotal_link_
—.distance(geometry_corrected=False))
array([ 0.1886, 0.097 , 0.0486, 0.0838, 0.1498, 0.0837]1)

Parameters
geometry_corrected (bool) — Toggles geometry correction.

Return type
1D array [index]

Returns

the out-total link distance sequence.

save_for_cgv (filename, fileformat='graphml")

Save the GeoNetwork and its attributes for the CGV visualization software.

The node coordinates are stored as node attributes by default, likewise angular link distances are stored
as edge attributes by default. All additional node and link properties are also stored for visualization.

This format is intended for being used by the spatial graph visualization software CGV developed in
Rostock (contact Thomas Nocke, nocke @pik-potsdam.de). By default, the file includes the latitude and
longitude vectors as node properties, as well as the geodesic angular distance as an link property.

Parameters
e file_name (str) — The file name should end with “.dot” or “.gml”.

o fileformat (str) — The file format: “graphml” - GraphML format “graphmlz” -
gzipped GraphML format “graphviz” - GraphViz format

set_node_weight_type (node_weight_type)

Set node weights for calculation of n.s.i. measures according to requested type.
Possible choices for node_weight_type:

* None (constant unit weights)

* “surface” (cos lat)

* “irrigation” (cos” lat)

Parameters
node_weight_type (str)— The type of geographical node weight to be used.

shuffled_by_distance_copy()
Return a copy of the network where all links in each node-distance class have been randomly re-
assigned.

In other words, the result is a random network in which the link probability only depends on the nodes’
distance and is the same as in the original network.

Return type
GeoNetwork
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Returns
the distance shuffled copy.

total_link_distance(geometry_corrected=False)
Return the sequence of total link distances for all nodes.

Note: Does not use directionality information.

Example:

>>> r(GeoNetwork.SmallTestNetwork(). total_link_
—.distance(geometry_corrected=False))
array([ 0.1886, 0.097 , 0.0486, 0.0838, 0.1498, 0.0837])

Parameters
geometry_corrected (bool) — Toggles geometry correction.

Return type
1D array [index]

Returns
the total link distance sequence.

5.1.4 core.grid

Provides class for spatio-temporal grids.

class pyunicorn.core.grid.Grid(time_seq, space_seq, silence_level=0)
Bases: object

Encapsulates a spatio-temporal grid.

The spatial grid points can be arbitrarily distributed, which is useful for representing station data or geodesic
grids.

static Load(filename)
Return a Grid object stored in a pickle file.

Parameters
filename (str) — The name of the file where Grid object is stored (including ending).

Return type
Grid object

Returns
Grid instance.

(number (int)) - The number of spatial grid points / nodes.

static RegularGrid(time_seq, space_grid, silence_level=0)

Initialize an instance of a regular grid.

Examples:

>>> Grid.RegularGrid(
time_seq=np.arange(2),
space_grid=[np.array([0.,5.]), np.array([1.,2.]1)],
silence_level=2).sequence(0)

array([ 0., ©0., 5., 5.], dtype=float32)

>>> Grid.RegularGrid(

(continues on next page)
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(continued from previous page)
time_seq=np.arange(2),
space_grid=[np.array([0.,5.]), np.array([1.,2.]1)],
silence_level=2) .sequence(l)
array([ 1., 2., 1., 2.], dtype=float32)

Parameters

e time_seq (1D Numpy array [time])- The increasing sequence of temporal sam-
pling points.

e space_grids (1ist of 1D Numpy arrays [dim, n])- The spatial grid.
e silence_level (number (int)) - The inverse level of verbosity of the object.

Return type
Grid object

Returns
Grid instance.

static SmallTestGrid()
Return test grid of 6 spatial grid points with 10 temporal sampling points each.

Return type
Grid instance

Returns
a Grid instance for testing purposes.

__init__(time_seq, space_seq, silence_level=0)
Initialize an instance of Grid.

Parameters

e time_seq (1D Numpy array [time])-— The increasing sequence of temporal sam-
pling points.

e lat_seq (2D Numpy array [dim, index])— The sequences of spatial sampling
points.

e silence_level (number (int))- The inverse level of verbosity of the object.

_str__QO

Return a string representation of the Grid object.
__weakref__

list of weak references to the object (if defined)
boundaries()

Return the spatio-temporal grid boundaries.

Structure of the returned dictionary:

* self._boundaries = {*time_min”: time_seq.min(),

“time_max”: time_seq.max(), “space_min”: np.amax(space_seq, axis=1), “space_max’:
np.amin(space_seq, axis=1)}

Return type
dictionary

Returns
the spatio-temporal grid boundaries.
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calculate_euclidean_distance()

Calculate and return the euclidean distance matrix.

Return type
2D Numpy array [index, index]

Returns
the euclidean distance matrix.

static coord_sequence_from_rect_grid(space_grid)

Return the sequences of coordinates for a regular and rectangular grid.

Example:

>>> Grid.coord_sequence_from_rect_grid(
. space_grid=[np.array([0.,5.]1), np.array([1.,2.]1)]
[array([ 0., ©®., 5., 5.1), array([ 1., 2., 1., 2.1)]

Parameters
space_grid (list of 1D Numpy arrays [dim, n])- The grid’s sampling points.

Return type
list of 1D Numpy arrays [index]

Returns

the coordinates of all nodes in the grid.

distance()

Calculate and return the standard distance matrix of the corresponding grid type

Return type
2D Numpy array [index, index]

Returns
the distance matrix.

euclidean_distance()

Return the euclidean distance matrix between grid points.

Example:

>>> Grid.SmallTestGrid() .euclidean_distance() .round(2)
[[ ©. 5.59 11.18 16.77 22.36 27.95]

[ 5.59 0. 5.59 11.18 16.77 22.36]

[11.18 5.59 O. 5.59 11.18 16.77]

[16.77 11.18 5.59 O. 5.59 11.18]

[22.36 16.77 11.18 5.59 0. 5.59]

[27.95 22.36 16.77 11.18 5.59 0. 1]

Return type
2D Numpy array [index, index]

Returns

the euclidean distance matrix.

geometric_distance_distribution(n_bins)

Return the distribution of distances between all pairs of grid points.

Examples:
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>>> Grid.SmallTestGrid() .geometric_distance_distribution(3)[0].round(2)
array([0.33, 0.47, 0.2 1)

>>> Grid.SmallTestGrid() .geometric_distance_distribution(3)[1].round(2)
array([ 0. , 9.32, 18.63, 27.95], dtype=float32)

Parameters
n_bins (number (int)) - The number of histogram bins.

Return type
tuple of two 1D Numpy arrays [bin]

Returns
the normalized histogram and lower bin boundaries of distances.
gridQ
Return the grid’s spatio-temporal sampling points.

Structure of the returned dictionary:

o self._grid = {“time”: time_seq.astype(‘“float32”),
“space”: space_seq.astype(“float32”)}

Examples:

>>> Grid.SmallTestGrid() .grid() ["space"][0]

array([ 0., 5., 10., 15., 20., 25.], dtype=float32)
>>> Grid.SmallTestGrid().grid()["space"]1[0][5]
15.0

Return type
dictionary

Returns
the grid’s spatio-temporal sampling points.
grid_size()
Return the sizes of the grid’s spatial and temporal dimensions.
Structure of the returned dictionary:

* self._grid_size = {“time”’: len(time_seq),
“space”: space_seq.shape[1]}

Example:

>>> print (Grid2D.SmallTestGrid() .print_grid_size())
space time
6 10

Return type
dictionary

Returns
the sizes of the grid’s spatial and temporal dimensions.
n_grid_points

(number (int)) - The total number of data points / samples.
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node_coordinates (index)

Return the position of node index.

Example:

>>> Grid.SmallTestGrid() .node_coordinates(3)
[15.0, 10.0]

Parameters
index (number (int))- The node index as used in node sequences.

Return type
tuple of number (float)

Returns
the node’s coordinates.

node_number (x)
Return the index of the closest node given euclidean coordinates.

Example:

>>> Grid.SmallTestGrid() .node_number(x=(14., 9.))
3

Parameters
e X (number (float)) - The x coordinate.
e y (number (float)) - They coordinate.

Return type
number (int)

Returns
the closest node’s index.

print_grid_size()
Pretty print the sizes of the grid’s spatial and temporal dimensions.

save (filename)
Save the Grid object to a pickle file.

Parameters
filename (str) — The name of the file where Grid object is stored (including ending).

sequence (dimension)
Return the positional sequence for all nodes for the specified dimension.

Example:

>>> Grid.SmallTestGrid() .sequence(0)
array([ 0., 5., 10., 15., 20., 25.], dtype=float32)

Parameters
dimension (integer) — The number of the dimension

Return type
1D Numpy array [index]

Returns
the sequence of positions in the specified dimension for all nodes.
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silence_level

(number (int)) - The inverse level of verbosity of the object.

5.1.5 core.interacting_networks

Provides classes for analyzing spatially embedded complex networks, handling multivariate data and generating
time series surrogates.

class pyunicorn.core.interacting_networks.InteractingNetworks (adjacency, directed=False,

node_weights=None,
silence_level=0)

Bases: Network

Encapsulates an ensemble of interacting networks.

Provides measures to analyze the interaction topology of different pairs of subnetworks (groups of vertices).
So far, most methods only give meaningful results for undirected networks!

The idea of interacting networks and measures for their analysis are described in [Donges201 1a].

Consistently node-weighted measures for interacting network topologies are derived, described and applied
in [Wiedermann2011].

static RandomlyRewireCrossLinks (network, node_listl, node_list2, swaps)

Randomize the cross links between two subnetworks under preservation of cross degree centrality of
both subnetworks.

Chooses randomly two cross links and swaps their ending points in subnetwork 2.
Implementation:

Stores the coordinates of the “1”-entries of the cross adjacency matrix in a tuple. Chooses randomly
two entries of the tuple (ergo two cross links) allowing for the constraints that

(1) the chosen links have distinct starting points in subnetwork 1 and distinct ending points in subnet-
work 2

(2) there do not exist intermediate links such that starting point of link 1 is connected to ending point
of link 2 and vice versa.

[In case two links have the same starting point or / and the same ending point, condition (2) is never
satisfied. Therefore only condition (2) is implemented.]

Swaps the ending points of the links in subnetwork 2 and overwrites the coordinates of the initial links
in the tuple. The number of permutation procedures is determined by the “swaps” argument and the
initial number of cross links. Creates a new adjacency matrix out of the altered tuple of coordinates.

Example (Degree and cross degree sequences should be the same after rewiring):

>>> net = InteractingNetworks.SmallTestNetwork()

>>> print("Degree:", net.degree())
Degree: [3 3 2 2 3 1]
>>> print("Cross degree:", net.cross_degree(

. node_list1=[0,3,5], node_list2=[1,2,4]))

Cross degree: [1 1 0]

>>> rewired_net = net.RandomlyRewireCrossLinks(
network=net, node_list1=[0,3,5],
node_list2=[1,2,4], swaps=10.)

>>> print("Degree:", rewired_net.degree())
Degree: [3 3 2 2 3 1]
>>> print("Cross degree:", rewired_net.cross_degree(

. node_list1=[0,3,5], node_list2=[1,2,4]))
Cross degree: [1 1 0]
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Parameters

e network (InteractingNetworks instance) — The base network for rewiring cross
links.

e node_listl ([int]) - list of node indices describing the first subnetwork
* node_list2 ([int]) - list of node indices describing the second subnetwork
e internal (float) — Gives the fraction number_swaps / number_cross_links.

Return type
InteractingNetworks

Returns
The initial InteractingNetworks with swapped cross links

static RandomlySetCrossLinks (network, node_listl, node_list2, cross_link_density=None,
number_cross_links=None)

Creates a set of random cross links between the considered interacting subnetworks. The number of
cross links to be set can be chosen either explicitly or via a predefined cross link density. By not
choosing any of either, a null model is created under preservation of the cross link density of the initial
network.

Implementation:

Determines the number of cross links to be set. Creates an empty cross adjacency matrix. Randomly
picks the coordinates of an entry and sets it to one. Repeats the procedure until the desired cross link
density is reached.

Parameters

¢ network (InteractingNetworks instance) — The base network for setting ran-
dom cross links.

* node_listl ([int]) - list of node indices describing the first subnetwork
e node_list2 ([int]) - list of node indices describing the second subnetwork

Return type
InteractingNetworks

Returns
The initial InteractingNetworks with random cross links

static RandomlySetCrossLinks_sparse (network, node_listl, node_list2, cross_link_density=None,
number_cross_links=None)

Creates a set of random cross links between the considered interacting subnetworks. The number of
cross links to be set can be chosen either explicitly or via a predefined cross link density. By not
choosing any of either, a null model is created under preservation of the cross link density of the initial
network.

Implementation:

Determines the number of cross links to be set. Creates an empty cross adjacency matrix. Randomly
picks the coordinates of an entry and sets it to one. Repeats the procedure until the desired cross link
density is reached.

Parameters

¢ network (InteractingNetworks instance) — The base network for setting ran-
dom cross links.

e node_listl ([int]) - list of node indices describing the first subnetwork

* node_list2 ([int]) - list of node indices describing the second subnetwork
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Return type
InteractingNetworks

Returns
The initial InteractingNetworks with random cross links

static SmallDirectedTestNetwork()

Return a 6-node directed test network with node and edge weights.

The node weights are [1.5, 1.7, 1.9, 2.1, 2.3, 2.5], a typical node weight for corrected n.s.i. measures
would be 2.0.

Return type
InteractingNetworks instance

static SmallTestNetwork()

Return a 6-node undirected test network.

The network looks like this:

=
I\
4 -

3
|
5-0 - 2

Return type
InteractingNetworks instance

Returns

an InteractingNetworks instance for testing purposes.

__init__(adjacency, directed=False, node_weights=None, silence_level=0)

Initialize an instance of InteractingNetworks.
Parameters

¢ adjacency (square numpy array or list [node,node] of 0s and 1s) —
Adjacency matrix of the new network. Entry [i,j] indicates whether node i links to
node j. Its diagonal must be zero. Must be symmetric if directed=False.

e directed (bool) — Indicates whether the network shall be considered as directed. If
False, adjacency must be symmetric.

* node_weights (I1d numpy array or list [node] of floats >= 0) — Op-
tional array or list of node weights to be used for node splitting invariant network
measures. Entry [i] is the weight of node i. (Default: list of ones)

e silence_level (int) — The inverse level of verbosity of the object.

_str__QO
Return a string representation of InteractingNetworks object.

static _calculate_general_average_path_length(path_lengths, internal=False)
Calculate general average path length for interacting networks.

Parameters
e path_lengths (2D array [index, index])- The path length matrix.

¢ internal (bool) — Indicates, whether internal or cross average path length shall be
calculated.

Return float
the general average path length.
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_calculate_general_closeness(path_lengths, internal=True)

Calculate general closeness sequence for interacting networks.
Parameters
e path_lengths (2D array [node,node] of floats)— Path lengths to use
e internal (bool) — Indicates, whether internal or cross closeness shall be calculated.

Return type
1D array [index]

Returns
the general closeness sequence.

average_cross_closeness (node_listl, node_list2, link_attribute=None)

Return the average cross closeness.

Example:
>>> r(InteractingNetworks.SmallTestNetwork() . average_Cross_
—.closeness([0,5], [1,2,3,41))
1.7143
Parameters

e node_listl ([int]) - list of node indices describing the first subnetwork
* node_list2 ([int]) - list of node indices describing the second subnetwork

e link_attribute (str)— Optional name of the link attribute to be used as the links’
length. If None, links have length 1. (Default: None)

Return float
the average cross closeness.

cross_adjacency (node_listl, node_list2)
Return cross adjacency matrix describing the interaction of two subnetworks.
The cross adjacency matrix entry C'A;; = 1 describes that node i in the first subnetwork is linked to

node j in the second subnetwork. Vice versa, C'A;; = 1 indicates that node j in the first subnetwork is
linked to node i in the second subnetwork.

Note: The Cross adjacency matrix is NEITHER square NOR symmetric in general!

Examples:

>>> r(InteractingNetworks.SmallTestNetwork(). Cross_
—adjacency([1,2,4], [0,3,5]))

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

>>> r(InteractingNetworks.SmallTestNetwork(). Cross_
—adjacency([1,2,3,4], [0,5]1))

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

Parameters
e node_listl ([int]) - list of node indices describing the first subnetwork
* node_list2 ([int]) - list of node indices describing the second subnetwork

Return type
2D array [node index_1, node index_2]
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Returns
the cross adjacency matrix.

cross_adjacency_sparse(node_listl, node_list2)
Return cross adjacency matrix describing the interaction of two subnetworks.
The cross adjacency matrix entry M{CA_ij = 1} describes that node i in the first subnetwork is linked to

node j in the second subnetwork. Vice versa, M{CA_ji = 1} indicates that node j in the first subnetwork
is linked to node i in the second subnetwork.

Note: The Cross adjacency matrix is NEITHER square NOR symmetric in general!

Examples:

>>> print(InteractingNetworks.SmallTestNetwork(). Cross_
—.adjacency_sparse([1,2,4], [0,3,5]))
[[616] [60 0] [10 0]]

Parameters
e node_listl ([int]) - list of node indices describing the first subnetwork
* node_list2 ([int]) - list of node indices describing the second subnetwork

Return type
2D array [node index_1, node index_2]

Returns

the cross adjacency matrix.

cross_average_path_length(node_list]l, node_list2, link_attribute=None)

Return cross average path length.

Return the average (weighted) shortest path length between two induced subnetworks.

Examples:
>>> InteractingNetworks.SmallTestNetwork() . cross_average_
—path_length([0®,3,5], [1,2,4], None)
2.0
>>> InteractingNetworks.SmallTestNetwork() . cross_average_
—path_length([0,5], [1,2,3,4], None)
2.0
Parameters

e node_listl ([int]) - list of node indices describing the first subnetwork
* node_list2 ([int]) - list of node indices describing the second subnetwork

¢ link_attribute (str)— Optional name of the link attribute to be used as the links’
length. If None, links have length 1. (Default: None)

Return float
the cross average path length between a pair of subnetworks.

cross_betweenness (node_listl, node_list2)
Return the cross betweenness sequence for the whole network with respect to a pair of subnetworks.
Gives the normalized number of shortest paths only between nodes from two subnetworks, in which a

node ¢ is contained. This is equivalent to the inter-regional / inter-group betweenness with respect to
subnetwork 1 and subnetwork 2.
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Examples:

>>> InteractingNetworks.SmallTestNetwork() . Cross_
—betweenness([2], [3,5])

array([ 1., 1., ©0., 0., 1., 0.1)

>>> InteractingNetworks.SmallTestNetwork() . Cross_
—.betweenness(range(0,6), range(0,6))

array([ 9., 3., 0., 2., 6., 0.D

Parameters
e node_listl ([int]) - list of node indices describing the first subnetwork
e node_list2 ([int]) - list of node indices describing the second subnetwork

Return type
1D arrays [node index]

Returns

the cross betweenness sequence for the whole network with respect to two subnetworks.

cross_closeness (node_listl, node_list2, link_attribute=None)

Return cross closeness sequence for a pair of induced subnetworks.

Gives the inverse average geodesic distance from a node in subnetwork 1 to all nodes in subnetwork 2.

Examples:
>>> InteractingNetworks.SmallTestNetwork() . Cross_
—closeness([0,3,5], [1,2,4], None)
array([ 0.6 , 0.6 , 0.375])
>>> InteractingNetworks.SmallTestNetwork() . Cross_
—.closeness([0,5], [1,2,3,4], None)
array([ 0.66666667, 0.4 D
Parameters

e node_listl ([int]) - list of node indices describing the first subnetwork
e node_list2 ([int]) - list of node indices describing the second subnetwork

e link_attribute (str)— Optional name of the link attribute to be used as the links’
length. If None, links have length 1. (Default: None)

Return type
1D arrays [index]

Returns

the cross closeness sequence.

cross_degree (node_listl, node_list2, link_attribute=None)

Return the cross degree sequence for one subnetwork with respect to a second subnetwork.

Gives the number of links from a specific node in the first subnetwork projecting to the second subnet-
work. If a link attribute is specified, return the associated strength

Examples:

>>> InteractingNetworks.SmallTestNetwork() . cross_degree([0, 3,
51, [1,2,4])

array([1, 1, 0])

>>> InteractingNetworks.SmallTestNetwork() . cross_degree([1,2,
-4], [0,3,5])

(continues on next page)
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(continued from previous page)
array([1, 0, 1]1)
>>> InteractingNetworks.SmallTestNetwork() . cross_degree([1,2,
3,41, [0,5])
array([0, 0, 1, 1])

Parameters
* node_listl ([int]) - list of node indices describing the first subnetwork
e node_list2 ([int]) - list of node indices describing the second subnetwork
¢ key (str) - link attribute key (optional)

Return type
1D array [node index]

Returns
the cross degree sequence.

cross_degree_density (node_listl, node_list2)

Return the density of degrees, i.e., the cross degree sequence of the first subnetwork normalized to the
number of nodes in the second subnetwork

Example:
>>> InteractingNetworks.SmallTestNetwork() . cross_degree_
—density([0,3,5], [1,2,4])
array([0.33333333, 0.33333333, 0. D
Parameters

e node_listl ([int]) - list of node indices describing the first subnetwork
e node_list2 ([int]) - list of node indices describing the second subnetwork

Return type
1D array [node index]

Returns
the cross degree sequence.

cross_global_clustering(node_listl, node_list2)
Return global cross clustering for a pair of subnetworks.
The global cross clustering coefficient C_v gives the average probability, that two randomly drawn

neighbors in subnetwork 2 of node v in subnetwork 1 are also neighbors and vice versa. It counts
triangles having one vertex in subnetwork 1 and two vertices in subnetwork 2 and vice versa.

Examples:

>>> InteractingNetworks.SmallTestNetwork() . cross_global_
—clustering([0,3,5], [1,2,4])

0.0

>>> InteractingNetworks.SmallTestNetwork() . cross_global_
—clustering([2], [1,3,4])

1.0

>>> InteractingNetworks.SmallTestNetwork() . cross_global_
—clustering([3,4], [1,2])

0.5

Parameters
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e node_listl ([int]) - list of node indices describing the first subnetwork
e node_list2 ([int]) - list of node indices describing the second subnetwork
Return float

the cross global clustering coefficient for a pair of subnetworks.

cross_global_clustering_sparse (node_listl, node_list2)
Return global cross clustering for a pair of subnetworks.
The global cross clustering coefficient C_v gives the average probability, that two randomly drawn

neighbors in subnetwork 2 of node v in subnetwork 1 are also neighbors and vice versa. It counts
triangles having one vertex in subnetwork 1 and two vertices in subnetwork 2 and vice versa.

Examples:

>>> InteractingNetworks.SmallTestNetwork(). cross_global_
—clustering_sparse([0,3,5], [1,2,4])

0.0

>>> InteractingNetworks.SmallTestNetwork() . cross_global_
—.clustering_sparse([2], [1,3,4])

1.0

>>> InteractingNetworks.SmallTestNetwork() . cross_global_
—.clustering_sparse([3,4], [1,2])

0.5

Parameters

e node_listl ([int]) - list of node indices describing the first subnetwork
e node_list2 ([int]) - list of node indices describing the second subnetwork
Return float

the cross global clustering coefficient for a pair of subnetworks.

cross_indegree (node_listl, node_list2, link_attribute=None)

Return the cross indegree sequence for the first given subnetwork with respect to the second given
subnetwork

Gives the number of links from nodes in subnetwork two to a specific node from subnetwork one. If a
link attribute is specified, return the associated in strength.

Example:

>>> net = InteractingNetworks.SmallDirectedTestNetwork()
>>> 