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CHAPTER
ONE

GENERAL DESCRIPTION

fits2x is a collection of fit models that use maximum likelihood estimators for polarization and time-resolved fluores-
cence decays (see [MCH+01]).

fit2x implement burst integrated fluorescence lifetime fits (BIFL) with scatter. The library can be used in conjunc-
ture with tttrlib to analyze and process single-molecule FRET (smFRET) experiments and confocal laser scanning
microscopy (CLSM) data. The fit2x shared libary can be used from LabView and is wrapped by SWIG (Simplified
Wrapper and Interface Generator) for common scripting languages as Python as main target language.

## Design goals * Low memory footprint (keep objective large datasets, e.g. FLIM in memory). * Platform indepen-
dent C/C++ library with interfaces for scripting libraries

## Capabilities * Polarization and time-resolved analysis * Stable analysis results with minimum photon counts *
Robust thoroughly tested maximum likelihood estimators
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CHAPTER
TWO

DOCUMENTATION

Documentation for the latest releases is available here,. Previous releases are available through the read-the-docs page
page,.



https://fluorescence-tools.github.io/fit2x/
https://fit2x.readthedocs.io/
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CHAPTER
THREE

CONTENTS

3.1 Installation

fit2x can either be installed from prebuilt binaries or from the source code. For most users it is recommended
to install £it2x using the prebuilt binaries. Below the installation using prebuilt binaries and the prerequisites to
compile £it2x are briefly outlined.

3.1.1 Prebuilt binaries

It is recommended to install £it2x for Python environments via conda by.

conda install -c tpeulen fit2x

Alternatively, £it2x can be installed via pip.

’pip install fit2x

3.1.2 Compliation

fit2x can be compiled and installed using the source code provided in the git repository.

git clone --recursive https://github.com/tpeulen/fit2x.git
cd fit2x
sudo python setup.py install

To compile £it2x a set of prerequisites need to be fulfilled:
1. An installed compiler.
2. The HDFS library with C/C++ include files.
3. A recent 64bit Python installation with include files.
4. cmake

5. SWIG

To debug and analyze the ouput of £it2x in more detail it can be useful to build the library in Debug mode that
outputs additional information to the standard standard logging stream. fit2x can be build in debugging mode by.

python setup.py build_ext --debug



https://www.hdfgroup.org/
https://www.python.org/
https://cmake.org/
http://www.swig.org/
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Windows
On windows f£it2x is best compiled with the Visual Studio 2017. For compilation the Visual Studion Community
edition is sufficient. In addition to Visual Studio the libraries and the include files as listed above need to be installed.

The prebuilt binaries are compiled on Windows 10 with using 64bit anaconda Python environments miniconda using
the conda build recipe that is provided with the source code in the conda—-recipe folder.

macOS

For MacOS the prebuilt binaries are compiled on MacOS 10.13 with the Apple clang compiler using a anaconda
distribution and the provided conda-recipe.

Linux

The Linux prebuilt binaries are compiled on Ubuntu 18.04 in an anaconda distribution and the provided
conda-recipe.

Conda

A conda recipe is provided in the folder ‘conda-recipe’ to build the fit2x library with the conda build environment.

To build the library download the recipe, install the conda build package and use the provided recipe to build the
library.

conda install conda-build
conda build conda-recipe

3.2 Fits

3.2.1 General

The fits covered by fit2x (e.g. fit23, fit24, and fit25) all have their own model function, target (objective) function, fit
function, and parameter correction function. Briefly, the purpose of these functions is as follows.

Function Description

Model function Computes the model for a set of parameters
Target/objective function | Computes ob and returns a score for data
Fit function Optimizes the parameters to the data
Correction function Assures reasonable range of parameters

The model function computes for a set of input parameters the corresponding realization of the model (the model
fluorescence decay curve(s)). The target function (more often called objective function) computes the disagreement of
the data and the model function for a given set of model parameters. The fitting function optimizes a set of selected
input parameters to the data by minimizing the disagreement of the data and the model. Finally, the estimates of the
model parameters are corrected by a correction function. These functions have names that relate to the name of the
model, e.g., target23 corresponds to fit23. For computationally efficiency, the functions are hardcoded in C.

The models of the different fits differ in their parameters. The parameters of the fits are described in detail below.
The target functions explicitly consider the counting noise and provide an estimate of the likelihood of the parameters.
The initial values of the parameters are specified by the user. Next, the likelihood of the target is maximized by

6 Chapter 3. Contents



https://visualstudio.microsoft.com/
https://docs.conda.io/en/latest/miniconda.html
https://docs.conda.io/projects/conda-build/en/latest/
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the Limited-Memory Broyden-Fletcher-Goldfarb-Shanno Algorithm (L-BFGS). L-BFGS is an iterative method for
solving unconstrained nonlinear optimization problems. Gradients for the L-BFGS algorithm are approximated by
linear interpolation to handle the differentiable components, i.e., the model parameters that are free. The parameters
of a model ca be either specified as free or as fixed. Only free parameters are optimized.

3.2.2 Python

For a use in python the £it2x module exposes a set of C functions that can be used to (1) compute model and (2)
target/objective function and (3) optimize model parameters to experimental data. Besides the exposed functions the
fit models are accessible via a simplified object-based interface that reduces the number of lines of code that need to
be written for analyzing fluorescence decay histograms. The code blocks that are used below to illustrate the fit2x
functionality are extracts from the tests located in the test folder of the fit2x repository. The test can be used as a more
detailed refernce on how to use fit2x.

Model functions can be computed using the modelf2x function of the £it2x module. Here, the x represents a
particular model function. The use of a £it2x model function is for the model function 23 (model£23) below.
model function

irf np, time_axis = model_irf(
n_channels=n_channels,
period=period,
irf_position_p=irf_position_p,
irf_position_s=irf_ position_s,
irf_width=irf_width

)

dt = time_axis[l] - time_axis[0]

To compute a model, first a set of model parameters and a set of corrections need to be specified. All input parameters
for mode1£23 are numpy arrays. In addition to the model parameters and the corrections model £23 requires an
instrument response function (irf) and a background pattern. The model functions operate on numpy arrays and modify
the numpy array for a model in-place. This means, that the output of the function is written to the input numpy-array
of the model. In the example above the output is written to the array model.

To compute the value of a target for a realization of model parameters £it2x provides the functions target f2x.
The inputs of a target function (here tarfer£23) are an numpy array containing the model parameter values and a
structure that contains the corrections and all other necessary data to compute the value of the objective function (for
fit23 i.e. data, irf, backgound, time resolution).

[1.55512239e-06, 1.28478411e-06, 1.84127094e-03, 6.97704393e-01
, 5.26292095e+00, 7.46022080e+00, 5.86203555e+00, 4.37710024e+00

, 3.27767338e+00, 2.46136154e+00, 1.85332949e+00, 1.39904465e+00
, 1.05863172e+00, 8.02832214e-01, 6.10103966e-01, 4.64532309e-01
, 3.54320908e-01, 2.70697733e-01, 2.07119266e-01, 1.58689654e-01
, 1.21735290e-01, 9.34921381le-02, 7.18751573e-02, 5.53076815e-02
, 4.25947583e-02, 3.28288183e-02, 2.53192074e-02, 1.95393890e-02
, 1.50872754e-02, 1.16553438e-02, 9.00806647e-03, 6.96482554e-03
, 1.32357360e-06, 1.00072013e-05, 2.67318412e-02, 1.32397314e+00

The data needed in addition to the model parameters are passed to the target function using £it2x.MParam objects
that can be created by the £it 2x . CreateMParam function from numpy arrays. The return value of a target function
is the score of the model parameters

Model parameters can be optimized to the data by fit functions for fit 23 the fit function fit2x.fit23 is used.

3.2. Fits 7
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# p.plot (data)

# p.plot ([x for x in m_param.get_data()])

# p.show()

self.assertEqual (np.allclose (fit_res, x), True)

The fit functions takes like the target function an object of the type £it2x.MParam in addition to the initial values,
and a list of fixed model parameters as an input. The array containing the initial values of the model parameters are
modified in-place buy the fit function.

Alternatively, a simplified python interface can be used to optimize a set of model as illustrated by the source code
embedded in the plot below. The simplified interface handles the creation of auxiliary data structures such as fit2x.
MParam.

In the example shown above, first a fit object of the type £it2x.Fit23 is created. All necessary data except for the
experimental data for a fit is passed to the fit object when it is created. To perform a fit on experimental data for a set
for a set of initial values, the fit object is called using the inital values and the data as parameters.

8 Chapter 3. Contents
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3.3 Description of fits

3.3.1 fit23

fit23 optimizes a single rotational correlation time p and a fluorescence lifetime 7 to a polarization resolved fluores-
cence decay considering the fraction of scattered light and instrument response function in the two detection channels
for the parallel and perpendicular fluorescence. Fit23 operates on fluorescence decays in the Jordi-format.

04 :L—_

z0 100 150 200 250

(=

Fig. 1: Simulation and analysis of low photon count databy fit2x.fit23.

fit23 is intended to be used for data with very few photons, e.g. for pixel analysis in fluorescence lifetime image
microscopy (FLIM) or for single-molecule spectroscopy. The fit implements a maximum likelihood estimimator as
previously described [MCH+01]. Briefly, the MLE fit quality parameter 2I* = —21n L(n, g) (where L is the likelihood
function, n are the experimental counts, and g is the model function) is minimized. The model function g under magic-
angle is given by:

o . ir fixexp(iT/kT)+c bg;
9i = Ng (1 ,7) Sk irfixexp(iT/kT)+c 7 i

N, is not a fitting parameter but set to the experimental number of photons /N, * is the convolution operation, 7 is the
fluorescence lifetime, ir f is the instrument response function, ¢ is the channel number, bg; is the background count in
the channel 7,

The convolution by fit23 is computed recusively and accounts for high repetition rates:

3.3. Description of fits 9
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:math:"irf_i ast exp(iT/ktau) = sum_{j=1}*{min(i,l) }irf_jexp(-(i-j)T/ktau) + sum_ {j=i+1}*{k }irf_jexp(-(i+k-j)T/ktau)

The anisotropy treated as previously described [SVE+99]. The correction factors needed for a correct anisotropy used
by £it2x are defined in the glossary (Anisotropy).

3.3.2 fit24

Fit24 optimizes is a bi-exponential model function with two fluorescence lifetimes 7y, 72, and amplitude of the second
lifetime a-, the fraction scattered light -, and a constant offset to experimental data. Fit24 does not describe anisotropy.
The decays passed to the fit in the Jordi format. The two decays in the Jordi array are both treated by the same model
function and convoluted with the corresponding instrument response function. The model function is

where At is the time per micro time channel, 7 is the micro time channel number, ay is the fraction of the second
species. The model function is corrected for the fraction of background and a constant offset.

Where, c is a constant offset, B the background pattern, M the model function and ~ the fraction of scattered light.

3.3.3 fit25

Selects the lifetime out of a set of 4 fixed lifetimes that best describes the data. Works with polarization resolved Jordi
stacks, computes rotational correlation time by the anisotropy. This function selects out of a set of 4 lifetimes tau the
lifetime that fits best the data.

3.3.4 fit26

Pattern fit. Determines the fraction f of two mixed patterns.

(No convolution of patterns, area of pattern is normalized by fit)

3.4 Applications

3.4.1 Fluorescence decay
Examples

Fluorescence decay applications.

10 Chapter 3. Contents
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MLE mini example - fit23

60

import fit2x

import numpy as np

import pylab as p

irf = np.array
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dtype=np.float64

(continues on next page)

3.4. Applications
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(continued from previous page)

settings = {
'dt': 0.5079365079365079,
'g_factor': 1.0,

'11': 0.1,

'12': 0.2,

'convolution_stop': 31,

'irf': irf,

'period': 16.0,

'background': np.zeros_like(irf)

fit23 = fit2x.Fit23 (#+xsettings)

tau, gamma, r0, rho = 2.2, 0.01, 0.38, 1.22

x0 = np.array([tau, gamma, r0, rhol)
fixed = np.array ([0, 1, 1, 01])
r = £fit23(

data=data,
initial_values=x0,
fixed=fixed

p.-plot (fit23.data, label='data')
p.plot (£fit23.model, label='model')
p.show ()

Total running time of the script: ( 0 minutes 0.159 seconds)
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Fluorescence decay analysis - 3

1.0

0.8
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101

10°

import pylab as p
import scipy.optimize
import scipy.stats
import numpy as np
import tttrlib

def objective_function (
x: np.ndarray,
x_min: int,
x_max: int,
irf: np.array,
max_irf_ fraction: float = 0.1,
verbose: bool = False

max_irf = np.max(irf) » max_irf_fraction

w = np.copy(irf[x_min:x_max])

wliw < 1] = 1

w[np.where (irf > max_irf) [0]] = 1

chi2 = (((irf[x_min:x_max] - x[0])/w)**2).sum(axis=0)

return chi?2

(continues on next page)

3.4. Applications
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(continued from previous page)

# Read TTTR

spcl32_filename = '../../test/data/bh_spcl32_sm_dna/m000.spc’
data = tttrlib.TTTR(spcl32_filename, 'SPC-130")

data_green = data[data.get_selection_by_channel ([0, 8])]

# the macro time clock in ms

macro_time_resolution = data.header.macro_time_resolution / 1le6

# Make histograms

n_pbins = 512 # number of bins in histogram

x_min, x_max = 1, 512 # fit range

dt = data.header.micro_time_resolution % 4096 / n_bins # time resolution
time_axis = np.arange (0, n_bins) * dt

# IRF

# select background / scatter, maximum 7 photons in 6 ms

time_window_irf = 6.0

n_ph_max_irf = 7

irf, _ = np.histogram(

data_green|
data_green.get_selection_by_count_rate(
time_window=time_window_irf,
n_ph_max=n_ph_max_irf
)

].micro_times, bins=n_bins

x0 = np.array ([4])

fit = scipy.optimize.minimize (
objective_function, x0,
args=(x_min, x_max, irf),
method="BFGS'

)

irf_bg = fit.x

fig, ax = p.subplots(nrows=2, ncols=1, sharex=True, sharey=False)
ax[1l].semilogy(time_axis, irf, label="IRF")
ax[1l].semilogy (

time_axis[x_min:x_max],

np.ones_like (time_axis) [x_min:x_max] = irf_bg, label="IREF Bg"
)
ax[1l].legend()
p.show ()

Total running time of the script: ( 0 minutes 0.768 seconds)

14 Chapter 3. Contents
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MLE - Fit23

T T T T
0 50 100 150 200 250

import fit2x
import numpy as np
import scipy.stats
import pylab as p

def model_irf (
n_channels: int = 256,
period: float = 32,
irf_position_p: float = 2.0,
irf_position_s: float = 18.0,
irf_width: float = 0.25

time_axis = np.linspace (0, period, n_channels * 2)

irf_np = scipy.stats.norm.pdf (time_axis, loc=irf_position_p, scale=irf_width) + \
scipy.stats.norm.pdf (time_axis, loc=irf_position_s, scale=irf_width)

return irf_np, time_axis

# setup some parameters
n_channels = 128
n_corrections = 5

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

n_photons = 120

irf_position_p = 2.0

irf_position_s = 18.0

irf_width = 0.25

period, g, 11, 12, conv_stop = 32, 1.0, 0.1, 0.1, n_channels // 2 - 1
tau, gamma, r0, rho = 2.0, 0.01, 0.38, 1.2

np.random.seed (0)

irf_np, time_axis = model_irf(
n_channels=n_channels,
period=period,
irf_position_p=irf_position_p,
irf_position_s=irf_position_s,
irf_width=irf_width

)

dt = time_axis[l] - time_axis[0]

conv_stop = min(len(time_axis), conv_stop)

param = np.array([tau, gamma, r0, rho])

corrections = np.array([period, g, 11, 12, conv_stopl])

# compute a model function that is later used as "data"
model = np.zeros_like (time_axis)

bg = np.zeros_like(time_axis)

fit2x.modelf23 (param, irf_np, bg, dt, corrections, model)
# add poisson noise to model and use as data

data = np.random.poisson(model * n_photons)

# create MParam structure that contains all parameters for fitting
m_param = fit2x.CreateMParam(

irf=irf_ np,

background=bg,

data=data.astype (np.int32),

corrections=corrections,

dt=dt

tau, gamma, r0, rho = 4., 0.01, 0.38, 1.5

bifl_scatter = -1

p_2s = 0

X = np.zeros (8, dtype=np.float6c4)

x[:6] = [tau, gamma, r0, rho, bifl_scatter, p_2s]

# test fitting
fixed = np.array ([0, 1, 1, 1], dtype=np.intl6)
chi2 = fit2x.fit23(x, fixed, m_param)

m = np.array([m for m in m_param.get_model () ])
p.plot (m)

p.plot (data)

p.plot (irf_np / max(irf_np) * max(data))
p.show ()

Total running time of the script: ( 0 minutes 0.133 seconds)
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Fluorescence decay analysis - 2

import pylab as p
import scipy.optimize
import numpy as np
import tttrlib

import fit2x

def objective_function_chi2 (
x: np.ndarray,
decay_object: fit2x.Decay,
x_min:int = 20,
x_max:int = 150

time_shift, scatter, lifetime_spectrum = x[0], x[1], x[2:]
scatter = abs (scatter)

lifetime_spectrum = np.abs(lifetime_spectrum)
decay_obiject.lifetime_spectrum = lifetime_spectrum
decay_object.scatter_fraction = scatter
decay_object.irf_shift_channels = time_shift

wres = decay_object.weighted_residuals

return np.sum(wres[x_min:x_max]**2)

# load file

spcl32_filename = '../../test/data/bh_spcl32_sm_dna/m000.spc’
data = tttrlib.TTTR(spcl32_filename, 'SPC-130")
ch0_indeces = data.get_selection_by_channel ([0, 8])

data_ch0O = datal[chO_indeces]

# selection low count rate region
tttr_low_count_rate = data_chO[
data_chO.get_selection_by_count_rate(
time_window=6.0,
n_ph_max=7,
invert=False

# Select high count region
tttr_high_count_rate = data_chO][
data_chO.get_selection_by_count_rate(
time_window=0.005,
n_ph_max=2,
invert=True

3.4. Applications
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Make decay object #

decay_object = fit2x.Decay (
tttr_data=tttr_high_count_rate,
tttr_irf=tttr_low_count_rate,
tttr_micro_time_coarsening=16,

)

time_axis = decay_object.get_time_axis()

# Define fit range

# The BH card are not linear at the end of the TAC
# Thus, do not the full range

x_min, x_max = 40, 200

# inital parameters for fit

time_shift = 0

scatter = 0.001

mean_tau = tttrlib.TTTR.compute_mean_lifetime (
tttr_data=tttr_high_count_rate,
tttr_irf=tttr_low_count_rate

lifetime_spectrum = [0.5, 0.8, 0.5, 3.0]

Optimize #

x0 = np.hstack(
[
time_shift,
scatter,
lifetime_spectrum

)

fit = scipy.optimize.minimize (
objective_function_chi2, xO0,
args=(decay_object, x_min, x_max),

Plot #
wres = decay_object.get_weighted_residuals()
fig, ax = p.subplots(nrows=2, ncols=1, sharex=True, sharey=False)

ax[1l].semilogy (time_axis, decay_object.get_irf (), label="IREF")
ax[1l].semilogy(time_axis, decay_object.get_data(), label="Data")
ax[l] .semilogy (time_axis([x_min:x_max], decay_object.get_model () [x_min:x_max], label=
—"Model")
ax[1l].legend()
ax[0] .plot (

time_axis[x_min:x_max], wres[x_min:x_max],

label="w.res.",

color="green'

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

)

p-show ()
5 -
0 -
_5 -
_1{] -
T T T T T T
] —— IRF
)] —— Data
10 E —— Model
101 3
lou E T T T T T T
0.00 0.01 0.02 0.03 0.04 0.05

Total running time of the script: ( 0 minutes 0.322 seconds)

Pile-up

This example illustrates the effect of pile up on the shape of fluorescence decay curves and demonstrates how the

shape of a model function can be modified to account for pile up.

3.4. Applications
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—— with pileup

104 — no pileup
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import pylab as p
import numpy as np
import scipy.stats
import fit2x

# Set seed to make results reproducible
np.random.seed (42)

# Define number of channels and excitation period

n_channels = 512
period = 32
time_axis = np.linspace (0, period, n_channels)

conv_stop = n_channels // 2

# compute a irf
irf_width = 0.25
irf_position = 2.0

dt = time_axis[l] - time_axis[0]
irf_p = scipy.stats.norm.pdf (time_axis, loc=irf_position, scale=irf_width)
irf_s = irf_p

mwn

In this example first an ideal fluorescence decay 1s computed for the parallel (p)

and perpendicular (s) channel using fit23.
mmn

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

# Compute model fo a single photon
n_photons = 1

period, ¢, 11, 12 = 32, 1.0, 0.1, 0.1
tau, gamma, r0, rho = 2.0, 0.01, 0.38, 1.2
model = np.zeros(n_channels * 2) # For parallel and perpendicualr

bg = np.zeros_like (model)

fit2x.modelf23(
np.array([tau, gamma, r0, rhol),
np.hstack ([irf_p, irf_s]),
bg, dt,
np.array ([period, g, 11, 12, conv_stopl),
model

mmwn

The number the model is scaled to a number of photons typically recorded in a eTCSPC
experiment. In an eTCSPC experiment usually le6 - 20e6 photons are recorded.

mwn

n_photons = 5.5eb5
model %= n_photons

# Add pileup to parallel (p) and perpendicular (s)
model_p = model[:len(model) // 2]
model_p_with_pileup = np.copy (model_p)

model_ s = model[len (model) // 2:]
model_s_with_pileup = np.copy (model_s)

mwn

The pile up depends on the instrument dead time, the repetition rate used to excite
the sample and the total number of registered photons. Here, to highlight the effect
of pile up an unrealistic combination of the measurement time and the number of
—photons

is used. In modern counting electronics the dead time is often around 100 nano
seconds.

In this example there is no data. Thus, the model without pile up is used as
"data". In a real experiment use the experimental histogram in the data argument.

mwn

pile_up_parameter = {

'repetition_rate': 1./period » 1000, # Repetition rate is in MHz
'instrument_dead_time': 120., # Instrument dead time nano seconds
'measurement_time': 0.05, # Measurement time in seconds
'pile_up_model': "coates"

fit2x.add_pile_up_to_model (
model=model_p_with_pileup,
data=model_p,
**pile_up_parameter

)

fit2x.add_pile_up_to_model (
model=model_s_with_pileup,
data=model_s,

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

x*xpile_up_parameter

model_ps_pile_up = np.hstack([model_p_with_pileup, model_s_with_pileup])
p-.semilogy (model_ps_pile_up, label='with pileup')

p.semilogy (model, label='no pileup')

p.legend()

p.show ()

Total running time of the script: ( 0 minutes 0.305 seconds)

Convolution routines
Fast convolution
Overview

In £it2x there are a set of different routines that can be used to compute fluorescence decays. Most fluorescence
decays are linear combinations of exponential decays. Convolutions of such fluorescence decays with instrument
response functions can be computed using the routines (fconv, fconv_per, fconv_per_cs, etc.). Here, fconv stands for
fast convolution.

Advanced vector extension

For faster convolutions £it2 provides routines that make use of SIMD (Single Instruction Multiple Data). The SIMD
routines use of the AVX2 extension (Advanced Vector Extension). For instance, the routines fconv and fconv_per
(periodic convolution) have corresponding SIMD routines named fconv_avx" “and ° ' fconv_per_avx. The
SIMD routines compute in parallel the decay in cases the decay is compose of more than a single fluorescence lifetime.

The SIMD AVX make use of AVX2 and FMA (Fused Multiply Add). AVX2 and FMA require CPUs with ‘modern’
instruction sets. Most x86 CPUs that were manufacture since 2012 are supported.
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Benchmark
Convolution routines Time per call
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from _ future  import annotations
import fit2x
import scipy.stats
import time
import numpy as np
import pylab as p
period = 16
n_channels = 4505
irf_position = 4.0
irf_width = 0.25
time_axis = np.linspace (0, period, n_channels)
irf = scipy.stats.norm.pdf (time_axis, loc=irf_position, scale=irf_width)
dt = time_axis[l]-time_axis[0]

lifetime_spectrum = np.array([l., 10] + ([1., 4, 1., 0.4]1 * 4))
model = np.zeros_like(irf)

stop = len(irf)
start = 0
n_runs = 50

(continues on next page)
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# benchmark

#AAH AR HAAHFAAAS

times = list ()

times_avx = list ()

names = ["fconv", "fconv_per"]
t_start = time.perf_counter ()
for _ in range (n_runs) :

fit2x.fconv (fit=model, irf=irf, x=lifetime_spectrum, start=start, stop=stop,
—dt=dt)
ex = time.perf_counter() - t_start
times.append (ex)

t_start = time.perf_counter ()
for _ in range (n_runs) :
fit2x.fconv_avx (fit=model, irf=irf, x=lifetime_spectrum, start=start, stop=stop,
—dt=dt)
ex = time.perf_counter () - t_start
times_avx.append (ex)

[

t_start = time.perf_counter () # 1in seconds
for _ in range(n_runs):
fit2x.fconv_per (fit=model, irf=irf, x=lifetime_spectrum, period=period,
—start=start, stop=stop, dt=dt)
ex = time.perf_counter() - t_start
times.append (ex)

t_start = time.perf_counter ()
for _ in range(n_runs) :
fit2x.fconv_per_avx(fit=model, irf=irf, x=lifetime_spectrum, period=period,
—start=start, stop=stop, dt=dt)
ex = time.perf_counter () - t_start
times_avx.append (ex)

times = np.array(times) + 1000.0 / n_runs
times_avx = np.array(times_avx) x 1000.0 / n_runs

# make plots
#H#HAAHARAAAAAAEAH
fig, ax = p.subplots(nrows=1, ncols=2, sharex=False)

ax[0].set_title('Convolution routines')
ax[0] .set_ylabel ('counts')
ax[0] .set_xlabel ('channels")

model = np.zeros_like (irf)
fit2x.fconv (fit=model, irf=irf, x=lifetime_spectrum, start=start, stop=stop, dt=dt)
ax[0] .semilogy (model, label="fconv")

model_avx = np.zeros_like(irf)

fit2x.fconv_avx (fit=model_avx, irf=irf, x=lifetime_spectrum, start=start, stop=stop,
—dt=dt)

ax[0] .semilogy (model, label="fconv_avx")

[

model = np.zeros_like (irf)
fit2x.fconv_per (fit=model, irf=irf, x=lifetime_spectrum, period=period, start=start,
—stop=stop, dt=dt)

(continues on next page)
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ax[0] .semilogy (model, label="fconv_per")

model = np.zeros_like(irf)

fit2x.fconv_per_avx(fit=model, irf=irf, x=lifetime_spectrum, period=period,

—start=start, stop=stop, dt=dt)
ax[0] .semilogy (model, label="fconv_per_avx")
ax[0].legend()

# Benchmark
ax[1l].set_title('Benchmark")
ax[1l] .set_ylabel('ms / evaluation')

ind = np.arange(len(times)) # the x locations for the groups
ax[1l].set_title('Time per call'")

ax[1].set_xticks (ind)

ax[1l].set_xticklabels (names)

width = 0.35

ax[1] .bar(ind, times_avx, width, color='y', label='AVX')

ax[1] .bar (ind + width, times, width, color='r', label='default')
ax[1l].legend()

p.show ()

Total running time of the script: ( 0 minutes 0.301 seconds)

Benchmark MLE - fit23

Generate n_samples random decays in range (tau_min, tau_max) with n_photons photons and fits lifetime. Compares

recovered lifetime with fitted lifetime
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import fit2x
import numpy as np
import pylab as p
np.random. seed (0)

# setup some parameters

tau_min = 0.1
tau_max = 5.0
n_photons_min = 20
n_photons_max = 120

n_photon_step = 2

n_samples = 200

n_channels = 32
irf_position_p = 2.0
irf_position_s = 18.0

irf_width = 0.25

period, g_factor, 11, 12, conv_stop = 32, 1.0, 0.1, 0.1,
dt = 0.5079365079365079

np.random. seed (0)

irf _np = np.array([(O0, 0, 0, 260, 1582, 155, 0, 0O, 0O, O,
o, o, o, 0, 0, 0, 0, 0, 0, O,

(continues on next page)
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o, o, o, 0o, 0, 0, 0, 0, 0, O,
o, 0, o, 0, 22, 1074, 830, 10, O,
o, o, o, 0, 0, 0, 0, 0, 0, O,
o, o, o, 0o, 0, 0, 0, 0, 0, O,
0, 0, 0, 0], dtype=np.float64)

bg = np.zeros_like (irf_np)
p.show ()
fit23 = fit2x.Fit23(
dt=dt,
irf=irf_ np,
background=bg,
period=period,
g_factor=g_factor,
11=11, 12=12
)
tau, gamma, r0, rho = 2.0, 0.01, 0.38, 1.22
x0 = np.array([tau, gamma, r0, rhol)
fixed = np.array ([0, 1, 1, 0])
n_photon_dict = dict ()
for n_photons in range (n_photons_min, n_photons_max,
tau_sim = list ()
tau_recov = list ()

n_photons int (n_photons)
for i in range(n_samples):

tau = np.random.uniform(tau_min, tau_max)

# n_photons = int (5./tau * n_photon_max)
param = np.array([tau, gamma, r0, rho])
corrections = np.array([period, g_factor, 11,
model = np.zeros_like (irf_np)

bg = np.zeros_like (irf_np)

fit2x.modelf23 (param, irf_np, bg,
model = n_photons / np.sum(model)

dt,

data = np.random.poisson (model)
r = £fit23(
data=data,

initial_values=x0,
fixed=fixed
)
# print ("tau_sim: %.2f,
tau_sim.append(tau)
tau_recov.append(r['x"']1[0])
n_photon_dict [n_photons] = {
'tau_simulated': np.array(tau_sim),
np.array (tau_recov)

sgm o
gs" S

tau_recov:

'tau_recovered':

devs list ()

for k in n_photon_dict:
tau_sim n_photon_dict[k] ['tau_simulated’']
tau_recov n_photon_dict[k] ['tau_recovered']
dev (tau_recov — tau_sim) / tau_sim
devs.append (dev)

corrections,

(tau,

n_photon_step) :

12,

model)

r['x"][0]))

conv_stop])

(continues on next page)
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fig, ax = p.subplots(nrows=1, ncols=3)
ax[0] .semilogy ([x for x in fit23._m param.get_data()], label='Data')
[0] .semilogy ([x for x in fit23._m param.get_irf ()], label='IRF'")
[0] .semilogy ([x for x in fit23._m param.get_model ()], label='Model')
ax[0] .set_ylim((
[

0.1, 10000))
ax[0].legend()
k list (n_photon_dict.keys()) [0]

tau_sim = n_photon_dict[k]['tau_simulated']
tau_recov = n_photon_dict[k]['tau_recovered']
dev = (tau_recov - tau_sim) / tau_sim
ax[1].plot (tau_sim, dev, 'o', label='#Photons:
ax[1l].set_ylim((-1.5, 1.5))

ax[0].legend()

sg_dev = np.array(devs) xx2
ax[2].plot (list (n_photon_dict.keys()), np.sqgrt (sg_dev.mean (axis=1)))

o
P

p.show ()

Total running time of the script: ( 0 minutes 2.246 seconds)

Fluorescence decay analysis - 1
Introduction

In time-resolved fluorescence experiments the fluorescence intensity decay of a sample is monitored. To date this
is mostly accomplished by repeatedly exciting the sample by a short laser pulse and recording the time between the
sample excitation and the detection of photons. In such pulsed experiments the micro time in a TTTR object encodes
the time between the excitation pulse and the detection of the photon. In analogue counting electronics is mostly
operated in an inverse mode where the time between the photon and the subsequent detection pulse is recorded. After
multiple photons have been recorded fluorescence decay histograms are computed. The shape of these histograms
corresponds to the underlying fluorescence decay, f(t).

In many cases fluorescence decays can be described by linear combinations of exponential decays. The Decay
class of tttrlib computes models for fluorescence decays, f(t), fluorescence intensity decay histograms, h(t), and
to scores models against experimental decay histograms. The Decay class handles typical artifacts encountered in
fluorescence decays such as scattered light, constant backgrounds, convolutions with the instrument response function
[OConnor12], pile-up artifacts [Coa68], differential non-linearity of the micro time channels [Bec05] and more.

Below the basic usage of the Decay class is outlined with a few application examples. These examples can be used
as starting point for custom analysis pipelines, e.g. for burst-wise single-molecule analysis, pixel-wise FLIM analysis
or analysis over larger ensembles of molecules or pixels.

Decay histograms
Decay class

Fluorescence decays can be either computed using the static method provided by the Decay class or Create an instance
the Decay class

Single-molecule
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import matplotlib.pylab as plt
import scipy.optimize

import scipy.stats

import numpy as np

import tttrlib

import fit2x

def objective_function_chi2 (
x: np.ndarray,
decay_object: fit2x.Decay,
x_min: int = 20,
x_max: int = 150

scatter, background, time_shift, irf background = x[0:4]

lifetime_spectrum = x[4:]
decay_object.set_lifetime_spectrum(lifetime_spectrum)
decay_object.irf_background_counts = irf_background
decay_object.scatter_fraction = scatter
decay_object.constant_offset = background
decay_object.irf_shift = time_shift

# wres = decay_object.get_weighted residuals ()

# return np.sum(wres[x_min:x_max] **2)

return decay_object.get_score(x_min, x_max)

def objective_function_mle (
x: np.ndarray,
x0: np.ndarray,
decay_object: fit2x.Decay,

x_min: int = 20,

x_max: int = 500,
use_amplitude_prior: bool = True,
use_initial_prior: bool = True,

amplitude_bias: float = 5.0,
initial_sd: float = 5.0,
verbose: bool = False

scatter, background, time_shift, irf_ background = x[0:4]

lifetime_spectrum = np.abs(x[4:])
decay_object.set_lifetime_spectrum(lifetime_spectrum)
decay_object.irf_background_counts = irf_background
decay_object.scatter_fraction = scatter
decay_object.constant_offset = background
decay_object.irf_shift = time_shift

chi2_mle = decay_object.get_score(x_min, x_max, score_type="poisson")

# d = decay_object.get_data () [x_min:x_max]

# m = decay_object.get_model () [x_min:x_max]
# return np.sum((m - d) - d * np.log(m/d))
ap = 0.0

if use_amplitude_prior:
p = lifetime_spectrum[::2]
a = np.ones_like(p) + amplitude_bias
ap = scipy.stats.dirichlet.logpdf(p / np.sum(p),
chi2_mle += ap
ip = 0.0
if use_initial_prior:

a)

(continues on next page)
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ip = —np.sum(np.log(l./((1+((x — x0) / initial_sd)=*%2.0))))
chi2_mle += ip

if verbose:
print ("Total log prob: 2s" % chi2_mle)

print ("Parameter log prior: %s" % 1ip)
print ("Dirichlet amplitude log pdf: %s" % ap)
print ("-—-")

return chi2_mle

Prepare data

# load file

spcl32_filename = '../../test/data/bh_spcl32_sm_dna/m000.spc'
data = tttrlib.TTTR(spcl32_filename, 'SPC-130")
ch0_indeces = data.get_selection_by_channel ([0, 8])

data_ch0O = datal[chO_indeces]

n_bins = 512

# selection from tttr object

cr_selection = data_chO.get_selection_by_count_rate(
time_window=6.0, n_ph_max=7

)

low_count_selection = data_chO[cr_selection]

# create histogram for IRF

irf, _ = np.histogram(low_count_selection.micro_times, bins=n_bins)

# Select high count regions

# equivalent selection using selection function

cr_selection = tttrlib.selection_by_count_rate (
data_chO.macro_times,
0.100, n_ph_max=5,
macro_time_calibration=data.header.macro_time_resolution / 1le6,
invert=True

)

high_count_selection = data_chO[cr_selection]

data_decay, _ = np.histogram(high_count_selection.micro_times, bins=n_bins)
time_axis = np.arange (0, n_bins) * data.header.micro_time_resolution » 4096 / n_lbins
Make decay object

decay_object = fit2x.Decay (
data=data_decay.astype (np.floaté64),
irf _histogram=irf.astype (np.floaté4),
time_axis=time_axis,
excitation_period=data.header.macro_time_resolution,
lifetime_spectrum=[1., 1.2, 1., 3.5]

)

decay_object.evaluate ()

# A minimum number of photons should be in each channel
# as no MLE is used and Gaussian distributed errors are assumed
sel = np.where(data_decay > 1) [0]

(continues on next page)
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x_min = 10 #int (min(sel))

# The BH card are not linear at the end of the TAC. Thus
# fit not the full range
x_max = 450 #max (sel)

# Set some initial values for the fit
scatter = [0.05]

background = [2.01]

time_shift = [2]

irf_background = [5]

lifetime_spectrum = [0.5, 0.5, 0.5, 3.5]

Optimize #

x0 = np.hstack(
[
scatter,
background,
time_shift,
irf_background,
lifetime_spectrum

)
fit = scipy.optimize.minimize (

objective_function_mle, xO0,

args=(x0, decay_object, x_min, x_max, False, False)
)
fit_mle = fit.x

x0 = np.hstack ([scatter, background, time_shift, irf_ background, lifetime_spectrum])
fit = scipy.optimize.minimize (

objective_function_mle, x0,

args=(x0, decay_object, x_min, x_max)
)
fit_map = fit.x

Out:

/home/docs/checkouts/readthedocs.org/user_builds/fit2x/conda/latest/lib/python3.7/
—ssite-packages/scipy/optimize/_numdiff.py:497: RuntimeWarning: invalid value,,
—encountered in subtract

df = fun(x) - fO0
/home/docs/checkouts/readthedocs.org/user_builds/fit2x/conda/latest/lib/python3.7/
—site-packages/scipy/optimize/_numdiff.py:497: RuntimeWarning: invalid value_
—encountered in subtract

df = fun(x) - £0
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Plot #

ax[1l].semilogy(time_axis, irf, label="IRF")
ax[1l] .semilogy (time_axis, data_decay, label="Data")
ax[1l].semilogy (
time_axis[x_min:x_max],
decay_object.model [x_min:x_max], label="Model"
)
ax[1l].legend()
ax[0] .plot (
time_axis[x_min:x_max],
decay_object.weighted_residuals[x_min:x_max],
label="w.res."',
color="green'
)
plt.show ()

fig, ax = plt.subplots(nrows=2, ncols=1, sharex=True,

sharey=False)

10.0 ~

7.5 4

5.0 ~

2.5 1

0.0

Total running time of the script: ( 0 minutes 0.531 seconds)
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3.4.2 Imaging

Examples

FLIM imaging

Phasor analysis of images

For phasor image analysis the library fit2x provides functions

No IRF correction

100

200

\

0.0 |RF coffection 1.0

100

200

from _ future  import print_function
import tttrlib

import fit2x

import pylab as p

data = tttrlib.TTTR('../../test/data/imaging/pg/ht3/crn_clv_img.ht3")
data_mirror = tttrlib.TTTR('../../test/data/imaging/pqg/ht3/crn_clv_mirror.ht3")
data_irf = data_mirror[data_mirror.get_selection_by_channel ([0, 17])]
ht3_reading_parameter = ({

"marker_frame_start": [4],

"marker_line_start": 1,

"marker_line_stop": 2,

(continues on next page)
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"marker_event_type": 1,
"n_pixel_per_line": 256,
"reading_routine": 'default',
"channels": [0, 17,

"fill": True,
"tttr_data": data,
"skip_before_first_frame_marker": True
}
image = tttrlib.CLSMImage (*+ht3_reading_parameter)
frequency = 32.0 # MHz
stack_frames = True
frequency_mt = frequency / (1000. / data.header.micro_time_resolution)

# No IRF correction

phasor = fit2x.phasor.get_phasor_image (
image=image,
stack_frames=stack_frames,
frequency=frequency_mt

n_frames = 1 if stack_frames else image.n_frames

phasor_1d = phasor.reshape((n_frames % image.n_lines » image.n_pixel, 2))
phasor_x, phasor_y = phasor(:, :, :, 0], phasor[:, :, :, 1]

phasor_x_1d, phasor_y_1d = phasor_1d.T[0], phasor_1d.T[1]

fig, ax = p.subplots(nrows=2, ncols=3)
ax[0,2].set (xlim=(0, 1), ylim=(0, 0.6))
a_circle = p.Circle(
xy=(0.5, 0),
radius=0.5,
linewidth=1.5,
fill=False,
color="w'
)
ax[0, 2].add_artist (a_circle)
ax[0, 2].hist2d(
x=phasor_x_1d,
y=phasor_y_1d,
bins=101,
range=((0, 1), (0, 0.6)),
cmap="'inferno'
)
ax[0,0] .imshow (phasor_x[0,:,:1)
ax[0,1].imshow (phasor_yI[0,:,:1)

# IRF correction
data_irf = data_mirror[data_mirror.get_selection_by_channel ([0, 17])]
phasor = fit2x.phasor.get_phasor_image (
image=image,
tttr_irf=data_irf,
stack_frames=stack_frames,
frequency=frequency_mt,
minimum_number_of_photons=30
)
n_frames = 1 if stack_frames else image.n_frames
phasor_1d = phasor.reshape((n_frames * image.n_lines * image.n_pixel, 2))
phasor_x, phasor_y = phasor(:, :, :, 0], phasor[:, :, :, 1]

(continues on next page)
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phasor_x_1d, phasor_y_1d = phasor_1d.T[0], phasor_1d.T[1]

ax[0, 2].set_title('No IRF correction')
ax[1l, 2].set_title('IRF correction')
ax[1l, 2].set(xlim=(0, 1), ylim=(0, 0.6))
a_circle = p.Circle(

xy=(0.5, 0),

radius=0.5,

linewidth=1.5,

fill=False,

color="w'
)
ax[1,2].add_artist (a_circle)
ax[1,2].hist2d(

x=phasor_x_1d,

y=phasor_y_1d,

bins=101,

range=((0, 1), (0, 0.6)),

cmap="inferno'
)
ax[1,0].imshow (phasor_x[0,:,:])
ax[1,1].imshow (phasor_yI[0,:,:1)

p.show ()

Total running time of the script: ( 0 minutes 6.636 seconds)

3.5 C++ API

3.6 Glossary

CLSM confocal laser scanning microscopy

MFD (Multiparameter Fluorescence Detection) A MFD experiments is a time-resolved fluorescence experiment

which probes the absorption and fluorescence, the fluorescence quantum yield, the fluorescence lifetime, and
the anisotropy of the studied chromophores simultaneously (see [KuhnemuthSO1])

IRF IRF stands for instrument response function. In time-resolved fluorescence measurements the IRF is the temporal

response of the fluorescence spectrometer to a delta-pulse. Suppose a initially sharp pulse defines the time of
excitation / triggers the laser, then recorded response of the fluorescence spectrometer is broadened due to: (1)
the temporal response of the exciting light source, (2) the temporal dispersion due to the optics of the instrument,
(3) the delay of the light within the sample, and (4) the response of the detector. As the most intuitive contribution
to the IRF is the excitation profile, the IRF is sometimes called ‘lamp function’. The IRF is typically recorded by
minimising the contribution of (3), e.g., by measuring the response of the instrument using a scattering sample,
or a short lived dye.

Time-tagged time resolved (TTTR) TTTR stands for time tagged time-resolved data or experiments. In TTTR-

datasets the events, e.g., the detection of a photon, are tagged by a detection channel number. Moreover, the
recording clock usually registers the events with a high time resolution of a few picoseconds. For long recording
times of the detected events, a coarse and a fine clock are combined. The fine clock measures the time of the
events relative to the coarse clock with a high time resolution. The time of the coarse and the fine clock is
usually called macro and micro time, respectively.
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Time correlated single photon counting (TCSPC) Time correlated single photon counting (TCPSC) is a technique

to measure light intensities with picosecond resolution. Its main application is the detection of fluorescent light.
A pulsed light source excites a fluorescent sample. A single photon detector records the emitted fluorescence
photons. Thus, per excitation cycle, only a single photon is detected. Fast detection electronics records the time
between the excitation pulse and the detection of the fluorescence photon. A histogram accumulates multiple
detected photons to yield a time-resolved fluorescence intensity decay.

SWIG SWIG is a software development tool that connects programs written in C and C++ with a variety of high-

level programming languages. SWIG can be used with different types of target languages including common
scripting languages such as Javascript, Perl, PHP, Python, Tcl and Ruby and non-scripting languages such as C#,
D, Go language, Java, Octave, and R. SWIG is free software and the code that SWIG generates is compatible
with both commercial and non-commercial projects. £it2x is C/C++ based to provide the capability for a
broad variety of languages to interface its provided functionality.

Scatter fraction The scatter fraction gammea is defined by the number of photons that

Anisotropy The steady-state anisotropy r¢ in the detection channel G is formally given by the fluorescence intensity

weighted integral of the time-resolved anisotropy.
rg = fFG(t) ’ T(t>dt ’ fpcl(t)dt

where the time-resolved anisotropy is defined by unperturbed the fluorescence intensities of an ideal detection
system.

_ Fg,pt)—Fg, ()
r6(t) = 75 2t .
Through out fit2x two distinct anisotropies are computed: (1) background corrected anisotropies, and (2)
anisotropies not accounting for the background. In single-molecule experiments the background is mainly
scattered light (Raman scattering). The uncorrected anisotropy (without background correction) is computed
by:

r=(8—9-9)/(Sp-(1-3-12)+(2=3-11) - g-5s)

where S), is the signal in the parallel (German: parallel=p) detection channel, :math’S_s" the signal in the
perpendicular decection channel (German: senkrecht=s), g is the g-factor, [; and [5 are factor mixing that
determine the mixing of the parallel and perpendicular detection channel, respectively [KSMO95].

The scatter corrected steady-state anisotropy is computed using the scatter / background corrected signals par-
allel F, = (S, — v - Bp)/(1. — 7) and perpendicular Fy = (S5 — v - Bs)/(1. — ) fluorescence intensity.
r=F,—g-Fs)/(Fp-(1=3-l2)+(2—3-11) - g- F,) The scatter corrected and anisotropy not corrected for
scatter are computed by most fits of £1t2x.

Jordi-format In the Jordi format is a format for fluorescence decays. In the Jordi format fluorescence decays are

stacked in a one dimensional array. In a typical polarization resolved Jordi file the first decay is the parallel and
the subsequent decay is the perpendicular decay. In the Jordi format both decays must have the same length,
i.e., the same number of micro time counting channels.

3.7 References
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