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Abstract

Ultrafast spectroscopy offers temporal resolution for probing processes in the femto- and
picosecond regimes. This has allowed for investigation of energy and charge transfer in
numerous photoactive compounds and complexes. However, analysis of the resultant data
can be complicated, particularly in more complex biological systems, such as photosystems.
Historically, the dual approach of global analysis and target modelling has been used to elu-
cidate kinetic descriptions of the system, and the identity of transient species respectively.
With regards to the former, the technique of lifetime density analysis (LDA) offers an appeal-
ing alternative. While global analysis approximates the data to the sum of a small number of
exponential decays, typically on the order of 2-4, LDA uses a semi-continuous distribution of
100 lifetimes. This allows for the elucidation of lifetime distributions, which may be expected
from investigation of complex systems with many chromophores, as opposed to averages.
Furthermore, the inherent assumption of linear combinations of decays in global analysis
means the technique is unable to describe dynamic motion, a process which is resolvable
with LDA. The technique was introduced to the field of photosynthesis over a decade ago by
the Holzwarth group. The analysis has been demonstrated to be an important tool to evalu-
ate complex dynamics such as photosynthetic energy transfer, and complements traditional
global and target analysis techniques. Although theory has been well described, no open
source code has so far been available to perform lifetime density analysis. Therefore, we
introduce a python (2.7) based package, PyLDM, to address this need. We furthermore pro-
vide a direct comparison of the capabilities of LDA with those of the more familiar global
analysis, as well as providing a number of statistical techniques for dealing with the regulari-
zation of noisy data.
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Introduction

Ultrafast spectroscopy remains an important tool for the investigation of energy transfer and
transiently lived reaction intermediates in photoactive compounds and complexes, due to its
high temporal resolution. Analysis of the resultant time-resolved data is often performed with
a view to two primary goals. First is the determination of spectral features of transient lived
species in order to characterize their molecular state. Second is the extraction of kinetic param-
eters describing the overall reaction(s). Adoption of new analysis techniques can help provide
a better account of the systems under investigation, and complement older ones.

With regards to the first goal, the most prominent technique available is target, or compart-
ment, modelling. In target modelling, a number of compartments, representing molecular
states, or a group/average of related molecular states, are assumed. The recorded signal at any
given point in time is taken to be the concentration weighted sum of what the spectra of each
compartment would be in isolation. A number of kinetic models are tested which determine
the time evolution of the concentrations of each compartment. These models may include for-
ward and reversible reactions, as well is independent or parallel decay of various compart-
ments. The fitting procedures then simultaneously optimize the kinetic parameters and the
spectra of the indvidual compartments using a variable projection method. For a further
review of this technique see [1-5].

While target modelling produces kinetic parameters, historically, the principle method for
addressing the second goal, at least at first pass, has been what has been termed global analysis.
Global analysis, frequently used with the singular value decomposition (SVD) as a means of
dimension reduction, fits all wavelength channels (columns of the data matrix) simultaneously
to a sum of a small number of exponential functions [3]. A single set of exponential lifetimes is
fit to all wavelengths, while the pre-exponential amplitudes are allowed to vary. This analysis,
along with target modelling, gives an overview of the principle decay lifetimes present in the
signal. However, a small number of decays may not be sufficient to fully describe the complex
kinetics exhibited by non-exponential transients in biological systems of interest such as pho-
tosynthetic complexes.

In theory, the data can be fully represented by the integral of a continuous distribution of
decays, with the pre-exponential function being the underlying spectral distribution [6-8].
Retrieval of this information would then be as simple as taking the Laplace transform of the
signal function; however, as with other sources of time-resolved data, an analytical formulation
of the signal is not known in ultrafast spectroscopy. In order to address this, numerical approx-
imations are needed; however, numerical inversion of the Laplace transform is a highly ill-con-
ditioned problem [7]. Lifetime density analysis (LDA), popularized by the Holzwarth group
[9] in the field of photosynthesis research, approximates the continuous integral to a semi-con-
tinuous sum of n = ~ 100 lifetimes distributed evenly along the time-scale of the experiment:

AA(t,2) =" x(1, 2)e T @ IRF(t, 2) (1)
j=1

where AA is the recorded data, and the amplitudes x(7, 1) represent the probability of a process
with the associated lifetime 7 occuring at the particular wavelength A. This procedure is analo-
gous to the exponential series method developed in the late 1980s and early 1990s [7, 8]. The
IRF represents the instrument response function, with ® indicating convolution (see, e.g., [4,
5] for review). Alternatively this can be rewritten in matrix notation as:

A, = D%, (2)
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where A, is the column vector of length m containing the AOD measurements recorded at m
time delays, and X, is the column vector of length n containing the pre-exponential amplitudes
associated with the # lifetimes. D is an m x n matrix of the IRF convolved exponential decays.

The amplitude vectors at all wavelengths A are compiled into contour maps, or lifetime
density maps (LDMs), with lifetime 7 on the y-axis and wavelength A on the x-axis. The pos-
itive and negative contours correspond to the values of x. The major advantage of this analy-
sis technique is that it provides an immediate overview of the the kinetic distributions
present at all wavelengths, and does so in a visually concise way. Furthermore, LDA is able
to handle heterogeneous decay lifetimes for single species, and pick up on dynamic motion,
two features common to biological data with which global analysis has struggled. Yet despite
these advantages, and extensive use of the technique by the Holzwarth group [9-14], wide-
spread adoption has been limited to date (e.g. [15-17]). We believe this to be due to the
unavailability of tools performing this type of analysis. The OPTIMUS program [17]
recently released a module facilitating this type of analysis; however, the code remains
closed-source.

This lack of widespread adoption is particularly striking given the historical motivations
leading to the development of the technique. The need for a complement to global analysis
began to appear with the advent of more powerful detection schemes. This was particularly
true for improved fluorescence detection. Although the earliest time-correlated single pho-
ton counting dates back to the 1960s [18], improvements, and greater popularization occur-
ring in the mid 1980s (see e.g. [19]), led to the fitting of more complex models with greater
numbers of lifetimes. Additionally, a new concern arose as to whether it was possible to
recover kinetic distributions, both in fluorescence spectroscopy, and related fields, model-
ling time series. As early as the 1960s and 1970s [20] the maximum entropy method was
developed as a means to recover these distributions, and was applied to a variety of fields
from the 1980s onwards, e.g. [21-24]. A competing approach, the exponential series method,
was also developed in the 1980s. The advantages of this method are discussed in comparison
to the maximum entropy method by Siemiarczuk et. al. [8]. This technique and observations
form the basis of follow-up work by the Holzwarth group [9], upon which the current work
is based. The introduction of the use of regularization, a topic discussed at length below, by
Landl et. al. [7] was particularly important for the development of this technique in its cur-
rent form.

We present here an open-source python package, with GUI, to allow for the performance
of this type of analysis. We also provide a comprehensive overview of the theory and mathe-
matics behind the approach, and a comparison with the more well-known global analysis.

Design and implementation
General remarks

All code was written in python 2.7. The goal was to provide a package that allowed the user to
experiment with a number of different options and methods in order to produce the best
LDMs given their dataset. At the same time, visual inspection throughout the fitting process
was emphasized, while also providing a number of statistical measures to assist in avoiding
over-fitting and model bias. Finally, the package was designed to use as few dependencies as
possible, to allow for easier installation and code inspection. As such, only the relatively com-
monplace NumPy [25], SciPy [26], and Matplotlib [27] packages were used. A full manual for
installation and use is available with the software.
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Global analysis and singular value decomposition

In order to best demonstrate the utility of LDA, a comparison with the older, and more devel-
oped technique of global analysis is provided. To determine the number of exponential decays
to include in the analysis, loaded datasets can have their SVD visually inspected. The SVD of
the m x n data matrix A containing spectroscopic measurements recorded at m time delays,
across n wavelength channels is given by:

A =USV" (3)

where U is the m X m unitary matrix of left singular vectors giving the temporal dependence of
the signal, V' is the n x n unitary matrix giving the spectral dependence of the signal, and S is
the m x n diagonal matrix of singular values.

Typically the number of singular values significantly larger than the rest is taken to be the
number of independently resolvable lifetimes in a global analysis [3]. This number of exponen-
tial decays is fit simultaneously to an equal number of weighted left singular vectors, that is,
the columns of U weighted by their corresponding singular values. This process serves to
reduce the dimensionality of the problem. Note, however, that the number of singular values
chosen reflects only an estimate of the number of orthogonal components appropriate to rep-
resent the data, and makes no estimation of any underlying reaction scheme. Additionally,
large noise components can have singular values larger than small signal components [5]. In
order to address this, the weighted left singular vectors can be visually inspected before fitting.
Those corresponding to signal components should have a regular structure. In the case that a
left singular vector corresponding to a smaller singular value has more regular structure than
that corresponding to a larger one, it can be used in the fitting procedure in its stead, at the
users discretion. For example, if there are four large singular values, but the 5th left singular
vector has more regular structure than the 4th, the first, second, third and fifth vectors can be
used for fitting.

We begin the fitting with an equation similar to eq 2, substituting however, the weighted
left singular vectors for the full data matrix:

(US), = D(7)x (4)

where the (US), represents the matrix of chosen weighted left singular vectors. Note, however,
that in this case D will be an n x n square matrix, where 7 is the number of lifetimes, and that it
is itself a function of a parameter vector of lifetimes, 7. In addition, x is also a matrix corre-
sponding to the pre-exponential function for each weighted left singular vector.

Determination of x and the associated lifetimes is done by solving the associated non-linear
least squares problem:

min || D()x — (US), |2 (5)

A varijable projection method [28] is employed in conjunction with SciPy’s implementation of
the Levenberg-Marquardt algorithm. Solely the vector of lifetimes, 7, is fed to the solver. At
each iteration, the solution for x is found by taking the QR-decomposition of D and solving
using back substitution.

The results of the fit can be inspected, and redone with new initial guesses and bounds if
found to be divergent, and the lifetimes are stored for mapping onto the LDMs.
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Lifetime density analysis

Unlike in global analysis, the pre-exponential function itself is what is of interest in LDA.
However, solving for ¥ in eq 2, or the corresponding matrix of pre-exponential functions at all
wavelengths, requires solution through the associated least-squares minimization, as before. In
this case though, as the number of lifetimes, i.e. parameters, is vary large, over-fitting of the
data is a bigger concern. The initial discretization producing eq 1, helps to improve the condi-
tioning of the inverse problem; however, as the number of lifetimes is increased to find a
meaningful approximation to the underlying spectral distribution, this conditioning deterio-
rates [7]. In order to address this, regularization is introduced. Regularization is the process
whereby the objective function is modified to penalize large coefficients of fitting, in this case
X. While the unregularized least squares problem will find the mathematically optimal solu-
tion, this is undesirable, as the large number of fitting parameters will result in fits of the noise,
making the solution extremely sensitive to perturbations. Regularization introduces bias to the
fit in an attempt to avoid this. As a result it is effectively smoothing the data. A number of regu-
larization procedures and penalty terms exist, all imposing different assumptions on the data.
Those included in the software package will be discussed in turn below. For a thorough inter-
pretation of these techniques in a Bayesian framework, see [29].

Truncated SVD. The truncated SVD was proposed by Per Hansen in 1987 [30] as an
alternative to the more well-known Tikhonov regularization (discussed below). A rank K
approximation is used for the design matrix, in this case the matrix of exponential decays,
where all the small singular values beyond some cut-off K are replaced with 0. This means that
the higher frequency components of the pre-exponential amplitudes are ignored [30]. The
major difference with this technique compared to Tikhonov regularization is that while the lat-
ter also dampens the components corresponding to the smallest singular values, it does so with
a smooth filter function compared to the step-function used here. We note that while this tech-
nique may produce solutions similar to those of Tikhonov regularization, its use for inverse
problems where the matrix has ill-determined numerical rank (such as in this case of inverse
Laplace transformation) may produce solutions sensitive to perturbation [30]. It is therefore
suggested only as a technique to provide a rough overview of kinetic distributions, early on in
analysis.

Eq 2 is rewritten with the truncated SVD for D:

A, = US\V'%, (6)
which when solved for X, yields:
XX =VSJU'A, (7)

as the inverses of the unitary matrices U and V" are simply their transposes.

Solving for the LDMs in this manner requires only the use of the SciPy singular value
decomposition routine. Note that this regularization technique should not be confused with
low rank data approximation, which applies a similar cut-off filter to the data matrix A asa
means of dimension reduction or compression of large matrices. This feature is also included
in the GUIL.

Matrix regularization: Tikhonov - £,. The most well known regularization method, and
the one that has likely been in use the longest, is Tikhonov regularization, alternatively known
as ¢, regularization, or ridge regression [31-33]. Tikhonov regularization imposes a direct pen-
alty on the amplitudes of the regression coefficients in this case the values of x in eq 2. This
type of regularization is one of a broader category matrix regularizations, with the penalty in
this case taking the form of a 2-norm. The associated Tikhonov regularized least squares
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minimization problem then becomes:

min || DF, — 4, |3 +a | L, | (8)

where L is a matrix which in standard form is the identity. Depending on the structure of the
data set a number of alternative matrices may be used, including 1st and 2nd derivative
approximations, as well as a “fused” [36] identity and 1st derivative matrix. All of these options
are available to the user; however, the use of the identity matrix imposes the fewest assump-
tions on the fitting procedure and is used by default. For a review on some of the situations
where the other matrices are appropriate see [33, 34]. o is a positive valued hyper-parameter
which represents the trade-off between minimization of the residuals and the regression coeffi-
cients. For noisier data one would expect the value providing appropriate results to increase. A
number of ways of selecting the « value are discussed below.

Through the use of augmented matrices, the Tikhonov regularized minimization problem

VAL

- D
can be reduced to an ordinary least squares problem. We define D = ( ) and

- A
A= ( 0 ) . Eq 8 then becomes:

min ||D’?» - A;. ||; )

Eq 9 has the closed form solution, for a given « value:

DA, (10)

To avoid instability associated with numerical inversion, the SVD is again used. The tildes
only indicate that the SVD was taken for D and not D. The final result is:

X1 =VS'U'A, (11)

The solution is found for a user specified range of alpha values, allowing the user to cycle
through all the resultant maps. In addition the various « selection statistics are also displayed.
The user can choose to display these assuming a single « for all wavelength channels, or allow-
ing separate statistics to be calculated for each wavelength channel independently. The latter
choice may be desired if there is some regular structure to the noise in the data across wave-
length channels; however, a single « is likely sufficient.

Tikhonov regularization is useful when there is little known about the underlying kinetic
distributions. The imposed penalty term assumes that X and the noise in the data are normally
distributed [29]. This will produce results with somewhat broader kinetic distributions about
key lifetime contributions. We note that it is therefore difficult to separate two near-lying
kinetic distributions, or a single lifetime from a nearby distribution.

Matrix regularization: LASSO - ¢; and elastic net. A second form of matrix regulariza-
tion, called the LASSO, was introduced by Robert Tibshirani in 1994 [35], substituting a
1-norm for the 2-norm. The LASSO was originally studied for the case of L = I; however, Rob-
ert Tibshirani later introduced what is known as the “fused” [36], and generalized [37] LASSOs
as alternatives. One possible advantage of these methods over Tikhonov regularization is that
while the former will shrink regression coefficients, it will not set any to zero, while the LASSO
will [35]. This allows for further variable selection, making the differences between the pre-
exponential amplitudes for various associated lifetimes greater. This is because the 1-norm
penalty term assumes that ¥ is drawn from a Laplacian distribution [29], producing sparser
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solutions. This assumption is a good one if the data is expected to be described by few, nar-
rowly distributed lifetimes. However, the minimization problem:

min || DX, — A, |3 4o LT, ||, (12)

does not have a closed form solution unless the columns of the matrix D are orthogonal, in
which case the solution for each entry j in X, is (SI for derivation):

so _ SOLS\ (| 2.0LS +
;= sgn(x°) (2277 — o) (13)

where the superscript OLS indicates the ordinary least squares solution, and (-)" indicates the
maximum between the value within the parentheses and 0.

Unfortunately the case of an orthogonal regression matrix is very rare, and so a number of
different algorithms have been proposed for solving the LASSO regularization problem. In a
paper in 2016 [38], Shifeng Xiong et al. introduced a new algorithm based on the principle of
orthogonalizing the regression matrix through the addition of new rows. The responses are
then imputed at each iteration of the algorithm. However, neither the rows, nor the responses
need to be explicitly computed (see [38] for derivation). This algorithm was chosen for this
package and is reproduced below:

Algorithm

1. Set theinitial guess forx, equal to the Tikhonovregularizedsolution
. Compute g=y; where y; is the largest eigenvalueof D' D

3.8etB=gI,- D" Dwhere I,isthepxpidentitymatrix, where pis the number
of parameters

N

4., Set K=0whereKistheiterationcounter

5. foreachcoefficient jink
LK) (K=1)

whilel—ls—>10e— 12 A% " #0
(a) K= K} +1

(b) UK = DA, + Bk

(c) x® = sgn(U)(‘% —a)"

A combination of the LASSO and Tikhonov regularization, called the elastic net, was intro-
duced in 2005 by Hui Zou [39], and is also made available in this package. It was shown to out-
perform the LASSO technique while maintaining similar variable selection properties,
particularly in the case where the number of parameters was greater than the number of obser-
vations, a situation likely to be encountered by users of this package [39]. The elastic net makes

use of both the 1-norm and 2-norm, with the associated minimization problem being:

min || D¥; — A, [[; +a(p [ LZ,]l, + (1 — p) | LX, [15) (14)

The additional hyper-parameter p is introduced to weight the use of the two different
norms. When p = 1 the problem reduces to an ordinary LASSO problem, and likewise when
p =0, it reduces to a Tikhonov regularization problem. In the intermediate scenario, the elastic
net can be reduced to an augmented LASSO problem similarly to how the Tikhonov problem
can be reduced to an ordinary least squares one. We define o = ap, a, = a(1 - p) and
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%

4/ 1+og

o= . Our augmented matrices then become:

and so our LASSO problem, solved using the algorithm above, is:

min = DX, — A, [l; +%[| L%, |,
The solution to the above problem, X, is reweighted by (1 + a,) to give the final elastic
net solution, for a given a and p value [39].

The elastic net provides solutions intermediate between the LASSO and Tikhonov regulari-
zation. Its use is appropriate when broad distributions are not expected, but LASSO solutions
prove unexpectedly sparse.

Matrix regularization: Selecting hyper-parameters. While frequently ad-hoc methods,
based on visual inspection, are used to select hyper-parameter values, the PyLDM package
includes a number of features to assist the user in making the appropriate choice. As a first
step, the lifetimes from the global analysis help with visual inspection. Tikhonov regularization
has had the longest history, and so the greatest number of hyper-parameter selection tech-
niques have been developed for it. When Tikhonov regularization is used three additional sta-
tistics are available to guide the user:

1. The Generalized Cross-Validation (GCV) Statistic [40]
The optimum ¢ value is given by the minimizer of:

Di, — A|?
Gov(a) — P2 = Al
tr(I — H)

where H=D(D" D + aL” L)™' D7, and tr(-) indicates the trace of the matrix.

2. The C, statistic [41]
The optimum « value is given by the minimizer of:

C,(2) =| D%, — All; + 20" (df)

where o” is the error variance, an estimate of which is given by the error variance of the
most complicated model, i.e. the one with the lowest o value, and df is the degrees of free-
dom given by the trace of H from the previous equation.

3. The L-curve [42, 43] The L-curve is a plot of the smoothing norm || Lx||1 2 = S, in either
the Tikhonov or LASSO cases, vs the residuals, || D%, — 4 ||3= R. Each solution at a given
o value corresponds to a single point on the graph, and the L-curve estimate for the ideal
solution is given by the a value corresponding to the point of maximum curvature, given by
the formula:

dRd%S __ d2R dS

max k(o) = dydi? di? do

“ (@ +@")"
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Fewer statistics are currently available for selection of hyper-parameters when using the
LASSO, particularly due to the lack of differentiability; however, the Cp statistic has been sug-
gested for LASSO-based regularization [41], as has a modified L1-curve [43].

Results

The above methods have been recently applied to analyse measurements of photosynthetic
energy transfer and charge separation in photosystem I(submitted). For the purposes of illustra-
tion, three synthetic data sets with 10% random noise were created. To begin, two simpler data
sets (Fig 1B and 1D) are presented to more easily illustrate the ability of LDA to resolve heteroge-
neous decay, and dynamic motion, respectively, before moving on to a more complex scenario.
Beginning with the heterogeneous decay scenario, whose kinetic scheme is given by Fig 1A,
we observe that an analysis of the SVD indicates only three principle components (Fig 2). This
suggests that a global analysis will result in at most three lifetimes, in comparison to the nine
that determine the reaction scheme (S1 Fig for fits). The SVD of the dynamic motion scenario,
given by the red-shift of a single species shown in Fig 1C, shows that there are potentially two

8 30 500
A 20 60 1000 C
50 100 2000 100
A B C A |[—
Individual Species Spectra Moving Spectrum
4.0 T T T T 3.5 T T T T T
35} i | i \ Red Shift i
30 N Over < 500 ms
3.0 . 25| ! \ _
— —_ 1 \
© 25F ] © 5ol 1 \ _
C 20} . c - ' \
2 D5} ! \ .
m 15} 1 U‘) 1 Y
10} ! 10r ! \ N
0.5 05} ,' ‘\ /]
’, ~_7
0.0 1 1 1 1 0.0 - 1 1 1 1
0 50 100 150 200 250 300 0 50 100 150 200 250 300
Pixel Pixel
Heterogeneous Decay Data Moving Spectrum Data
3.5 3.6
103 3.0 103 3.0
. 2.5 — 2.4
) 102 n 102
~ 2.0 ~ 1.8
(0] 1.5 0)
£ 100 1.0 € 102 1.2
[ 05 [= 0.6
100 0.0 100 R
oM, ST CNEE -0.5 0 ISP ™ | W o6
0 50 100 150 200 250 300 0 50 100 150 200 250 300
Pixel Pixel

Fig 1. Heterogeneous decay and dynamic motion data sets. A,C Species spectra and kinetic schemes used
to construct the heterogeneous decay and dynamic motion data sets respectively. All decay lifetimes are
indicated in seconds. For A, each species had an equal chance of decaying with any of the three lifetimes at
each time point. B,D The respective data sets for heterogeneous decay, and dynamic motion, displayed as
contour maps. Both have had 10% random noise added. Note that the y-axis scale is a lin-log scale, i.e. linear
between 0 and 1, and log from there on.

https://doi.org/10.1371/journal.pcbi.1005528.g001
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Fig 2. Singular values. The singular values for the heterogeneous decay and dynamic motion data sets in
Fig 1B and 1D. Note that the heterogeneous decay data has three significant values and the dynamic motion
data has two.

https://doi.org/10.1371/journal.pcbi.1005528.9002

lifetimes that could be resolved by a global analysis (Fig 2). This demonstrates that the SVD
acts to approximate the time dependent measurements with linear combinations of basis spec-
tra that in fact do not represent the spectral dynamics. Instead, LDA may be used to analyze
such dynamic behavior. Furthermore, we note that the major component, corresponding to
the first singular value, is well fit by a single decay (S2 Fig).

The use of Tikhonov, LASSO and Elastic Net regularization routines produced similar
results for these data sets, and for brevity only the Tikhonov results will be shown (Fig 3). The
lifetimes resulting from the global analysis of the heterogeneous decay data (12 's, 58 s, 905 s)
while within the range of lifetimes used, did not coincide with any of them. The LDM on the
other hand displayed broader peaks that were representative of the entire range of decay life-
times. Note, however, that some vertical broadening of peaks can be expected, particularly
with Tikhonov regularization. This is most apparent by observing that multiple smaller ampli-
tudes will reduce || x || compared to a single large amplitude. From a probabilistic perspective,
this is a consequence of the assumption of normally distributed amplitudes [29]. This is evi-
dent from the LDM of the dynamic motion data, where the central peak at 100 s is significantly
broader than would be expected. Furthermore, while one might anticipate horizontal broaden-
ing of the 100 s lifetime due to decay while the species’ maximum absorption was at various
wavelengths, it is not a large amount, as there are many more time points while the species is
at its red-shifted position, compared to the initial one.

Combining these types of features, we present a five species reaction, with heterogeneous
decay lifetimes, and dynamic motion (Fig 4). Such a scheme produces data sufficiently com-
plex to approximate the types of electronic spectra that may be expected from experiments
involving many chromophores, such as in photosystem I/II. Note that an analysis of the
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Fig 3. LDMs for heterogeneous decay and dynamic motion data. The Tikhonov regularized lifetime maps
for the heterogeneous decay (A) and dynamic motion (B) data. The dashed horizontal lines indicate the
lifetimes determined from global analysis. The indicated alpha values were selected using a compromise

between suggested values by the GCV and Cp statistic.

https://doi.org/10.1371/journal.pcbi.1005528.9003
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Fig 4. Combined data set. A combined data set comprising dynamic motion and heterogeneous decay, with five
species. A The kinetic scheme and individual species spectra used to construct the data. The lifetimes are in
seconds, and each species had an equal chance of decaying with any of the lifetimes indicated. B A contour map
showing the resultant data. 10% random noise has been added to the data. Note that the y-axis scale is a lin-log
scale, i.e. linear between 0 and 1, and log from there on.

https://doi.org/10.1371/journal.pcbi.1005528.9004
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Fig 4B. Note that there are 6 significant values. B The Tikhonov regularized LDM. The dashed horizontal lines
indicate lifetimes determined from global analysis.

https://doi.org/10.1371/journal.pcbi.1005528.9005

singular values (Fig 5A) also indicates the potential for 6 lifetimes. Additionally, problems
were encountered regarding convergence for the fitting routines when fitting 6 components.

As before, the LASSO and elastic net solutions were similar to the Tikhonov solutions for
low a values, and so only the latter will be presented (Fig 5B). However, to illustrate their
behaviour a comparison is provided in S3 Fig.

Despite the complexity of the data, the LDM retains clearly defined peaks, which corre-
spond well to the lifetime distributions from the kinetic scheme, particularly at shorter life-
times. The slight divergence at longer lifetimes is expected given that these lifetimes are longer
than the longest time points in the data set.

Availability and future directions

The software is freely available for download from www.github.com/gadorlhiac/pyldm, along
with the instruction manual and datasets. Also included is an IPython notebook used for the
creation of the data sets. Future versions of the software will focus on expansion of available
statistics for the LASSO, truncated SVD and elastic net. Possibilities for this include implemen-
tation of a discrete picard condition [44] for the truncated SVD, and a two dimensional selec-
tion model as described in [45]. Additionally, integration with routines for target modelling
may be pursued.

Supporting information

S1 Fig. Global analysis fits of heterogenous decay data. A Decay associated difference spectra
for the three lifetimes fit to 3 wLSVs. B The three wLSVs and the corresponding fits.
(TTF)
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S2 Fig. Global analysis fits of dynamically moving band. A Fit of a single wLSV using one
lifetime. The fitted lifetime corresponded to 99.9 s. B The decay associated difference spectrum
and fit of the second wLSV when using two wLSVs and two lifetimes. Note the divergence in
the fit. The initial guesses were 5 and 100 s. Only initial guesses very close to the actual values
of the lifetimes converged (e.g. guesses of .2 and 100 s).

(TIF)

$3 Fig. Comparison of LDMs. A-D LDMs produced with the indicated regularization rou-
tines. Alpha values and K for truncated SVD are also noted.
(TIF)

S1 Appendix.
(PDF)

Author Contributions
Conceptualization: GFD JJvT.
Funding acquisition: JJvT.
Methodology: GFD CF JJvT.
Resources: JJvT.

Software: GFD CF.
Supervision: JJvT.

Validation: GFD CF JJvT.
Visualization: GFD.

Writing - original draft: GFD.
Writing - review & editing: GFD CF JJvT.

References

1. BereraR, van Grondelle R, Kennis JTM. Ultrafast transient absorption spectroscopy: Principles and
application to photosynthetic systems. Photosynthesis Research. 2009; 101(2-3):105—118. https://doi.
org/10.1007/s11120-009-9454-y PMID: 19578970

2. Holzwarth AR. Data Analysis of Time-Resolved Measurements. In: Amesz J, Hoff AJ, editors. Biophysi-
cal Techniques in Photosynthesis. Kluwer Academic Publishers; 1996. p. 75-92.

3. Ruckebusch C, Sliwa M, Pernot P, de Juan A, Tauler R. Comprehensive data analysis of femtosecond
transient absorption spectra: A review. Journal of Photochemistry and Photobiology C: Photochemistry
Reviews. 2012; 13(1):1-27. https://doi.org/10.1016/j.jphotochemrev.2011.10.002

4. Van Stokkum IHM, Larsen DS, Van Grondelle R. Global and target analysis of time-resolved spectra.
Biochimica et Biophysica Acta—Bioenergetics. 2004; 1657(2-3):82—104. https://doi.org/10.1016/.
bbabio.2004.04.011 PMID: 15238266

5. van Wilderen LUGW, Lincoln CN, van Thor JJ. Modelling multi-pulse population dynamics from ultrafast
spectroscopy. PLoS ONE. 2011; 6(3). https://doi.org/10.1371/journal.pone.0017373 PMID: 21445294

6. Istratov AA, Vyvenko OF. Exponential analysis in physical phenomena. Review of Scientific Instru-
ments. 1999; 70(2):1233—-1257. https://doi.org/10.1063/1.1149581

7. Landl G, Langthaler T, Englt HW, Kauffmann HF Distribution of event times in time-resolved fluores-
cence: The exponential series approach-algorithm, regularization, analysis Journal of Computational
Physics. 1991; 95:1-28. https://doi.org/10.1016/0021-9991(91)90250-O

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1005528 May 22, 2017 13/15


http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1005528.s002
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1005528.s003
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1005528.s004
https://doi.org/10.1007/s11120-009-9454-y
https://doi.org/10.1007/s11120-009-9454-y
http://www.ncbi.nlm.nih.gov/pubmed/19578970
https://doi.org/10.1016/j.jphotochemrev.2011.10.002
https://doi.org/10.1016/j.bbabio.2004.04.011
https://doi.org/10.1016/j.bbabio.2004.04.011
http://www.ncbi.nlm.nih.gov/pubmed/15238266
https://doi.org/10.1371/journal.pone.0017373
http://www.ncbi.nlm.nih.gov/pubmed/21445294
https://doi.org/10.1063/1.1149581
https://doi.org/10.1016/0021-9991(91)90250-O
https://doi.org/10.1371/journal.pcbi.1005528

©-PLOS | Sooer o

PyLDM - An open source package for lifetime density analysis of time-resolved spectroscopic data

10.

11.

12

13.

14.

15.

16.

17.

18.

19.
20.

21.

22,

23.

24,

25.

26.

27.

Siemiarczuk A, Wagner BD, Ware WR Comparison of the Maximum Entropy and Exponential Series
Methods for the Recovery of Distributions of Lifetimes from Fluorescence Lifetime Data J Phys Chem.
1990; 94(10):1661-1666. https://doi.org/10.1021/j100367a080

Croce R, Miiller MG, Bassi R, Holzwarth AR. Carotenoid-to-chlorophyll energy transfer in recombinant
major light-harvesting complex (LHC Il) of higher plants. |. Femtosecond transient absorption measure-
ments. Biophysical Journal. 2001; 80(2):901-915. https://doi.org/10.1016/S0006-3495(01)76069-9
PMID: 11159457

Casazza AP, Szczepaniak M, Muller MG, Zucchelli G, Holzwarth AR. Energy transfer processes in the
isolated core antenna complexes CP43 and CP47 of photosystem Il. Biochimica et Biophysica Acta—
Bioenergetics. 2010; 1797(9):1606—1616. https://doi.org/10.1016/j.bbabio.2010.05.008 PMID:
20488160

Holzwarth AR, Muller MG, Reus M, Nowaczyk M, Sander J, Rogner M. Kinetics and mechanism of elec-
tron transfer in intact photosystem Il and in the isolated reaction center: Pheophytin is the primary elec-
tron acceptor. Proceedings of the National Academy of Sciences. 2006; 103(18):6895-6900. https:/
doi.org/10.1073/pnas.0505371103 PMID: 16641109

Holzwarth AR, Mdller MG, Niklas J, Lubitz W. Ultrafast transient absorption studies on photosystem |

reaction centers from Chlamydomonas reinhardtii. 2: mutations near the P700 reaction center chloro-
phylls provide new insight into the nature of the primary electron donor. Biophysical journal. 2006; 90

(2):552—65. https://doi.org/10.1529/biophysj.105.059824 PMID: 16258055

Muller MG, Niklas J, Lubitz W, Holzwarth AR. Ultrafast transient absorption studies on Photosystem |
reaction centers from Chlamydomonas reinhardtii. 1. A new interpretation of the energy trapping and
early electron transfer steps in Photosystem |. Biophysical journal. 2003; 85(6):3899-3922. https://doi.
org/10.1016/S0006-3495(03)74804-8 PMID: 14645079

Muller MG, Slavov C, Luthra R, Redding KE, Holzwarth AR. Independent initiation of primary electron
transfer in the two branches of the photosystem | reaction center. Proceedings of the National Academy
of Sciences of the United States of America. 2010; 107(9):4123—4128. https://doi.org/10.1073/pnas.
0905407107 PMID: 20142514

Raszewski G, Renger T. Light harvesting in photosystem Il core complexes is limited by the transfer to
the trap: Can the core complex turn into a photoprotective mode? Journal of the American Chemical
Society. 2008; 130(13):4431-4446. https://doi.org/10.1021/ja7099826 PMID: 18327941

Kaucikas M, Nurnberg D, Dorlhiac G, Rutherford AW, van Thor JJ Femtosecond Visible Transient
Absorption Spectroscopy of Chlorophyll f -Containing Photosystem | Biophysical Journal. 2017;
112:234—-269. https://doi.org/10.1016/j.bpj.2016.12.022 PMID: 28122212

Slavov C, Hartmann H, Wachtveitl J. Implementation and evaluation of data analysis strategies for
time-resolved optical spectroscopy. Analytical Chemistry. 2015; 87(4):2328-2336. https://doi.org/10.
1021/ac504348h PMID: 25590674

Bollinger LM, Thomas GE Measurement of the Time Dependence of Scintillation Intensity by a
Delayed-Coincidence Method The Review of Scientific Instruments. 1961; 32(9):1044—1050. https:/
doi.org/10.1063/1.1717610

O’Connor DV, Philips D Time-correlated Single Photon Counting Academic Press. 1984

Ulrych TJ, Clayton RW Time Series Modelling and Maximum Entropy Physics of the Earth and Plane-
tary Interiors. 1976; 12:188-200. https://doi.org/10.1016/0031-9201(76)90047-9

Livesey AK, Licinio P, Delaye M Maximum entropy analysis of quasielastic light scattering from colloidal
dispersions J Chem Phys. 1986; 84(9):5102-5107. https://doi.org/10.1063/1.450663

Kungl AJ, Visser ADWG, Kauffman HF, Breitenbach M Time-Resolved Fluorescence Studies of Dityro-
sine in the Outer Layer of Intact Yeast Ascospores Biophysical Journal. 1994; 67:309-317. https://doi.
org/10.1016/S0006-3495(94)80482-5 PMID: 7919001

de Mello AJ,Elliot JA, Rumbles G Evanescent wave-induced fluorescence study of Rhodamine 101 at
dielectric interfaces J Chem Soc, Farady Trans. 1997; 93(23):4723-4731.

Kandori H Transformation of Time-Resolved Spectra to Lifetime-Resolved Spectra by Maximum
Entropy Inversion of the Laplace Transform Applied Spectroscopy. 2006; 60(4):407—417. https://doi.
org/10.1366/000370206776593654 PMID: 16613637

Van Der Walt S, Colbert SC, Varoquaux G. The NumPy array: A structure for efficient numerical compu-
tation. Computing in Science and Engineering. 2011; 13(2):22—30. https://doi.org/10.1109/MCSE.2011.
37

Oliphant TE. SciPy: Open source scientific tools for Python. Computing in Science and Engineering.
2007; 9:10-20.

Hunter JD. Matplotlib: A 2D graphic environment. Computing in Science & Engineering. 2007; 9(3):90—
95. https://doi.org/10.1109/MCSE.2007.55

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1005528 May 22, 2017 14/15


https://doi.org/10.1021/j100367a080
https://doi.org/10.1016/S0006-3495(01)76069-9
http://www.ncbi.nlm.nih.gov/pubmed/11159457
https://doi.org/10.1016/j.bbabio.2010.05.008
http://www.ncbi.nlm.nih.gov/pubmed/20488160
https://doi.org/10.1073/pnas.0505371103
https://doi.org/10.1073/pnas.0505371103
http://www.ncbi.nlm.nih.gov/pubmed/16641109
https://doi.org/10.1529/biophysj.105.059824
http://www.ncbi.nlm.nih.gov/pubmed/16258055
https://doi.org/10.1016/S0006-3495(03)74804-8
https://doi.org/10.1016/S0006-3495(03)74804-8
http://www.ncbi.nlm.nih.gov/pubmed/14645079
https://doi.org/10.1073/pnas.0905407107
https://doi.org/10.1073/pnas.0905407107
http://www.ncbi.nlm.nih.gov/pubmed/20142514
https://doi.org/10.1021/ja7099826
http://www.ncbi.nlm.nih.gov/pubmed/18327941
https://doi.org/10.1016/j.bpj.2016.12.022
http://www.ncbi.nlm.nih.gov/pubmed/28122212
https://doi.org/10.1021/ac504348h
https://doi.org/10.1021/ac504348h
http://www.ncbi.nlm.nih.gov/pubmed/25590674
https://doi.org/10.1063/1.1717610
https://doi.org/10.1063/1.1717610
https://doi.org/10.1016/0031-9201(76)90047-9
https://doi.org/10.1063/1.450663
https://doi.org/10.1016/S0006-3495(94)80482-5
https://doi.org/10.1016/S0006-3495(94)80482-5
http://www.ncbi.nlm.nih.gov/pubmed/7919001
https://doi.org/10.1366/000370206776593654
https://doi.org/10.1366/000370206776593654
http://www.ncbi.nlm.nih.gov/pubmed/16613637
https://doi.org/10.1109/MCSE.2011.37
https://doi.org/10.1109/MCSE.2011.37
https://doi.org/10.1109/MCSE.2007.55
https://doi.org/10.1371/journal.pcbi.1005528

©-PLOS | Sooer o

PyLDM - An open source package for lifetime density analysis of time-resolved spectroscopic data

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44,

45.

Golub GH, Pereyra V. The Differentiation of Pseudo-Inverses and Nonlinear Least Squares Problems
Whose Variables Separate. SIAM J Numer Anal. 1973; 10(2):413-432. https://doi.org/10.1137/
0710036

Voelz VA, Pande VS Calculation of rate spectra from noisy time series data Proteins: Structure, Func-
tion and Bioinformatics. 2011; 80:342-351. https://doi.org/10.1002/prot.23171

Hansen PC. The truncated SVD as a method for regularization. Bit. 1987; 27(4):534-553. https://doi.
org/10.1007/BF01937276

Elden L. Algorithms for the regularization of ill-conditioned least squares problems. Bit. 1977; 17(2):134—
145. https://doi.org/10.1007/BF01932285

Hoerl AE, Kennard RW. Ridge Regression: Biased Estimation for Nonorthogonal Problems. Techno-
metrics. 1970; 12(1):55-67. https://doi.org/10.1080/00401706.1970.10488634

Noschese S, Reichel L. Inverse problems for regularization matrices. Numerical Algorithms. 2012; 60
(4):531-544. https://doi.org/10.1007/s11075-012-9576-8

Lampe J, Voss H. Solving regularized total least squares problems based on eigenproblems. Taiwan-
ese Journal of Mathematics. 2010; 14(3 A):885-909.

Tibshirani R. Regression Selection and Shrinkage via the Lasso. Journal of the Royal Statistical Society
B. 1994; 58(1):267—-288.

Tibshirani R, Saunders M, Rosset S, Zhu J, Knight K. Sparsity and smoothness via the fused lasso. J R
Statist Soc B. 2005; 67:91-108. https://doi.org/10.1111/j.1467-9868.2005.00490.x

Tibshirani RJ, Taylor J. Tibshirani Taylor: The solution path of the generalized lasso. The Annals of Sta-
tistics. 2011; 39(3):1335-1371. https://doi.org/10.1214/11-AOS878

Xiong S, Dai B, Huling J, Qian PZG. Orthogonalizing EM: A Design-Based Least Squares Algorithm.
Technometrics. 2016; 58:3(October):285-293. https://doi.org/10.1080/00401706.2015.1054436 PMID:
27499558

Zou H. Regularization and Variable Selection via the Elastic Net. J R Statist Soc B. 2005; 67:301-320.
https://doi.org/10.1111/j.1467-9868.2005.00503.x

Golub GH, Heath M, Wahba G. Generalized cross-validation as a method for choosing a good ridge
parameter. Technometrics. 1979; 21(March):215-223. https://doi.org/10.1080/00401706.1979.
10489751

Hirose K, Tateishi S, Konishi S. Tuning parameter selection in sparse regression modeling. Computa-
tional Statistics and Data Analysis. 2013; 59(1):28—40. https://doi.org/10.1016/j.csda.2012.10.005

Johnston PR, Gulrajani RM. Selecting the Corner in the L-curve Approach to Tikhonov Regularization.
IEEE Transactions on Biomedical Engineering. 2000; 47(9):1293-1296. https://doi.org/10.1109/10.
867966 PMID: 11008433

Tehrani JN, McEwan A, Jin C, van Schaik A. L1 regularization method in electrical impedance tomogra-
phy by using the L1-curve (Pareto frontier curve). Applied Mathematical Modelling. 2012; 36(3):1095—
1105. https://doi.org/10.1016/j.apm.2011.07.055

Hansen PC. The discrete picard condition for discrete ill-posed problems. BIT Numerical Mathematics.
1990; 30(4):658-672. https://doi.org/10.1007/BF01933214

Waldron L, Pintilie M, Tsao MS, Shepherd FA, Huttenhower C, Jurisica |. Optimized application of
penalized regression methods to diverse genomic data. Bioinformatics. 2011; 27(24):3399-3406.
https://doi.org/10.1093/bioinformatics/btr591 PMID: 22156367

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1005528 May 22, 2017 15/15


https://doi.org/10.1137/0710036
https://doi.org/10.1137/0710036
https://doi.org/10.1002/prot.23171
https://doi.org/10.1007/BF01937276
https://doi.org/10.1007/BF01937276
https://doi.org/10.1007/BF01932285
https://doi.org/10.1080/00401706.1970.10488634
https://doi.org/10.1007/s11075-012-9576-8
https://doi.org/10.1111/j.1467-9868.2005.00490.x
https://doi.org/10.1214/11-AOS878
https://doi.org/10.1080/00401706.2015.1054436
http://www.ncbi.nlm.nih.gov/pubmed/27499558
https://doi.org/10.1111/j.1467-9868.2005.00503.x
https://doi.org/10.1080/00401706.1979.10489751
https://doi.org/10.1080/00401706.1979.10489751
https://doi.org/10.1016/j.csda.2012.10.005
https://doi.org/10.1109/10.867966
https://doi.org/10.1109/10.867966
http://www.ncbi.nlm.nih.gov/pubmed/11008433
https://doi.org/10.1016/j.apm.2011.07.055
https://doi.org/10.1007/BF01933214
https://doi.org/10.1093/bioinformatics/btr591
http://www.ncbi.nlm.nih.gov/pubmed/22156367
https://doi.org/10.1371/journal.pcbi.1005528

