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Abstract

This communication is devoted to the evaluation of true spectra and intrinsic (microscopic) rate constants from apparent
kinetics measured in time-resolved spectroscopic experiments monitoring complex relaxation dynamics of multi-intermediate
systems. Retinal proteins, cytochrom ¢ oxidase, phytochrome, hemoglobin, and photoactive yellow protein are examples of
natural systems in which several transient states (intermediates) overlap so strongly. both in time and spectral domains, that
their isolation and full characterization by classical biochemical methods is impossible, and mathematical evaluation of their
true spectra and microscopic kinetic constants is required. Most of the popular methods for analysis of kinetic data, global
fitting (GF), singular value decomposition (SVD), principal component analysis (PCA) and factor analysis (FA), are
applicable to two-dimensional (2D, in time and spectral domains) arrays of data. All these methods produce only a
phenomenological description of data, that approximates the measured data only with apparent kinetics. A fundamental
limitation, namely, insufficient information in 2D data, does not allow any of these methods to reach the final goal: to
recalculate from apparent to intrinsic values in any but the most trivial cases. A strategy was proposed (J.F. Nagle, Biophys.
I.. 59 (1991) 476-487) to include an additional (third) information-rich dimension, temperature, into the simultaneous
computer analysis. A simultaneous direct fitting of 3D data arrays to systems of differential rate equations allows
recalculation of apparent kinetics into true spectra and intrinsic rate constants. In spite of its evident theoretical advantages,
this strategy has not been successful on real data. Here we describe another custom-built program, SCHEMEFIT, developed
for the same purpose: to fit measured kinetics directly to the system of coupled differential rate equations describing the
photochrome’s relaxation dynamics. Though sharing the main strategy with the previous approach, SCHEMEFIT is based
on a ditferent set of numeric algorithms, and its application requires different tactics. Its performance is illustrated on
synthetic data, and compared with GF and SVD. An example of applying SCHEMEFIT to the photocycle of halorhodopsin
is also reported. © 1997 Elsevier Science B.V.
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a 2D N, by N, matrix of time
-resolved spectroscopic data for
a particular set of external
conditions, e.g. temperature,
pH, eic.

(A,T) 23D N, by N, by N, matrix of

time-resolved experimental data
for a particular set of external
conditions, e.g. pH, salts, etc.

a3D N, by N, by N; matrix
approximating experimental
data array for a particular

set of external conditions,
e.g. pH, salts, etc.

autocorrelation in vector X, see
Eq. (17) and Eq. (18)

an N, by N, matrix of
amplitudes of exponentials,
obtained by GF

an (N, + 1) by N, matrix of true
concentrations of transient states

a corresponding 3D, (N, + 1) by
N, by Ny, matrix

an (N, + 1) by (N, + 1) matrix
of eigen-vectors of the
M-matrix

an N, by N, matrix of
true differential extinctions of
intermediates

time-dependent functions in GF,
e.g. exponentials for pseudo-first
order reactions

fractional indicator function

(see Eq. (20)) for estimating
NSVD

AG;;

1

AG*(ij)

AH,
AH*(ij)
h

IND( )

K(i,j)

free energy difference between
states i and j, AG=AH—-AS-T

free energy barrier between
states i and j, AG* = AH*
—AS*-T

enthalpy difference between states
{and j

enthalpy barrier between states i and j
Planck’s constant

indicator function (see Eq. (21))
for estimating Ngyp

an (N, + 1) by (N. + 1) matrix
of intrinsic rate constants
defining the kinetic scheme
of the transformations

intrinsic rate constant defining
the spontaneous reaction
from state X to state Y

Boltzmann constant

a vector of eigen-values of
M-matrix, containing (N, + 1)
elements

a vector of time constants,
produced by GF, (N, + 1)
elements

an (N, + 1) by (N, + 1) matrix
of coefficients of coupled
differential equations, describing
the system under study

number of statistically
valid exponentials in GF

number of transient states
involved (besides the unexcited
state)
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a parameter in SCHEMEFIT
determining the number of
"unsuccessful" iterations,
before a step-wise decrease in
the search volume is to take
place

number of statistically valid
components in SVD

number of time points in
time-resolved measurements

number of temperatures at which
the time-resolved measurements
were performed for creating the
3D data array for scheme fitting

number of measured points in
spectral domain

an (N, + 1) by (N, + 1) matrix
of coefficients defined by
Eq. (15)

an N, by (N, + 1) matrix
of coefficients defined by
Eq. (16)

root square mean of residuals
between the measured and the
fitted function

an N, by N, Gif N, > N,)

or N, by N, Gif N, <N,)
diagonal matrix of singular
values (i.e. square root of the
eigen-values of matrix AA(A,1)),
produced by SVD

entropy difference between states
iand j

entropy barrier between states
iand j

T

s(ALT)

@(T)

OrG(i )

TAH(L )

absolute temperature
time

an N, by N, matrix
of basis spectra, produced
by SVD

an N, by N, matrix
of apparent kinetics of the
basis spectra, produced by SVD

a coefficient in SCHEMEFIT
for gradual adjustment of
the search volume

a coefficient in SCHEMEFIT
for step-wise decrease in
the search volume

a coefficient in SCHEMEFIT
determining the number of

times the step-wise decrease in
the search volume is to take place

3D matrix of noise in
experimentally measured data

excitation efficiency (percentage
of photo-transformation)

wavelength /wavenumber

mean noise, i.e. a square root
of noise dispersion

dispersion in values of AG*
during minimization by the
adaptive random search algorithm

dispersion in values of

A H* during minimization

by the adaptive random search
algorithm
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2. Introduction

Application of modern time-resolved instrumental
methods to optical monitoring of chemical /biochem-
ical reactions has made it possible to study the
complex dynamics of natural photochromic systems.
Relaxation dynamics of photo-induced reactions in
bacteriorhodopsin [1-17], halorhodopsin [18-20], vi-
sual thodopsin [21-23], cytochrome ¢ oxidase
[24,25], phytochrome [26], hemoglobin [27], and
photoactive yellow protein (PYP, from Ectothiorho-
dospira) [28,29] have in each case revealed several
metastable states (intermediates), coexisting on time
scales from sub-picoseconds to sub-seconds. Full
characterization of the photocycle intermediates and
the pathways of their transformation is an essential
step for evaluating the molecular mechanism of the
functionings of these proteins. However, most of the
intermediates cannot be stabilized and isolated in a
pure form, and their accurate characterization cannot
therefore be achieved by traditional biochemical
methods. These intermediates are interconnected by
a complex pattern of cross-transitions with temporal
overlap resulting from pronounced back-reactions
and /or branched pathways. Furthermore, the inter-
mediates’ spectra are usually broad, while the corre-
sponding spectral shifts during the photocycle are
relatively small, leading to spectral overlap. As a
result, the measured transient absorbance change, at
any wavelength /wavenumber and at any time point,
always reflects a mixture of contributions from sev-
eral intermediates.

This means that such transient states can be iso-
lated only mathematically, and they can be fully
studied only after deconvolution by a computer anal-
ysis. The limiting factor is the ability of mathemati-
cal algorithms to deconvolute the measured raw ki-
netic data into true intrinsic properties of the inter-
mediates.

Analysis of time-resolved kinetic traces has previ-
ously been performed (in most cases) by one of two
methods !: global fitting (GF) [30-32] and singular

! Principal component analysis (PCA), the foundation of " fac-
tor analysis” (FA), might be listed as a third method. Since it
produces the same result as SVD (though by somewhat different
computational algorithm), we shall not discuss it here separately.

value decomposition (SVD) [33-36], or by some
combination of these two [1,2,21,30,37,38]. One of
the goals of this communication is to analyze the
fundamental limitations of these methods. This is
illustrated on arrays of synthetic data in Section 5.
The focus of that section is to show that, despite
widespread belief, not only GF but also SVD (and
PCA, and FA) analyses provide only a phenomeno-
logical description of data, stopping short from eval-
uating the pure intermediates’ spectra and intrinsic
kinetics (i.e. microscopic rate constants). Mathemati-
cally, this is a trivial result (see below), since both
GF and SVD are applied to two-dimensional data
arrays (2D, in wavelength /wavenumber and time
domains), which do not contain enough information
for unambiguous deconvolution of the involved in-
trinsic kinetics and pure intermediates’ spectra.

Both GF and SVD make full use of all the
information available in the corresponding 2D data
array. Therefore, further progress requires additional
information. Nagle [8] proposed including a third
dimension, temperature, in the simultaneous com-
puter analysis. It was shown theoretically, and illus-
trated on synthetic data [8,9], that such 3D data
arrays contain enough information to go one step
further, as compared to the phenomenological de-
scription provided by 2D analysis either by GF or
SVD methods. The 3D simultaneous analysis allows
a derivation of the complete kinetic scheme, and
extraction of intrinsic, rather than apparent, rate con-
stants, as well as the pure intermediates’ spectra.
Unfortunately, this approach, as its author puts it
[17], "has yet to be successful on real data”. In spite
of its evident advantages, it was used only in three
publications on the bacteriorhodopsin photocycle
[8,13,171.

Based on the approach of Nagle [8], a new soft-
ware package SCHEMEFIT was custom-designed
by the author of this communication: Using a more
powerful set of numerical algorithms, the program
directly fits 3D data arrays to differential rate equa-
tions describing complex patterns of intermediates’
interconversions, including back reactions, transient
equilibria, and branching. The ability and precision
of the SCHEMEFIT package to perform this task is
illustrated on synthetic data in Section 7.1. Section
7.2 describes application of SCHEMEFIT to the
analysis of real data, the photocycle of halorhodopsin.
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3. Materials and methods

The custom-built software package SCHEMEFIT
was developed in the C programming language un-
der the UNIX operational system. Eigensystem-solv-
ing procedures are from "netlib/eispack” of the
public domain library of the AT & T Bell Labs
(Murray Hill, NJ); their conversion from FORTRAN
to C was done using the "f2c" package of the same
origin. Most computations were done on a DEC
Alpha AXP 3000/500 175 MHz workstation (Dig-
ital Equipment Corporation) under OSF/1. On this
workstation, one iteration of SCHEMEFIT takes
approx. 20 ms of CPU time, and takes an order of
magnitude longer on an in Intel-based PC with
486DX50 processor. The portability of SCHEMEFIT
was checked for the following platforms: ULTRIX,
OSF /1, CONVEX /0S, IBM /AIX-3 (GNU C com-
piler); and, using a reduced version of SCHEMEFIT
(due to memory limitations), for PC-DOS with the
Borland C compiler.

Global fitting was performed with a program
FITEXP, developed earlier in the General Physics
Institute (Moscow, Russia) by Dr. N.V. Tkachenko,
with contributions by V.I. Chukharev, A.Yu.
Sharonov and A.K. Dioumaev [12,39]. SVD analysis
was performed in MatlLab (The Math Works, Inc.,
Sherborn, MA). A program for the F-test statistics
was based on the algorithm from Ref. [40]. Data
visualization and scientific drawing were done either
in IDL (Research Systems, Inc. Boulder, CO), or in
MatLab. In all figures, the calculated points are
presented by the corresponding symbols. The con-
necting lines were obtained by cubic splines, a
method which produces the most probable recon-
struction of a smooth curve from a fixed number of
digitized points [40].

The halorhodopsin photocycle was measured on
naturally 2D crystalline samples from overproducing
mutant [41] of Halobacterium salinarium. The mea-
surements were performed at the Max Planck Insti-
tute for Biochemistry (Martinsried, Germany) using
a polychromatic time-resolved spectrometer [42] with
minor modifications of the measuring procedure.
Absorption changes in the visible were monitored
simultaneously at 32 wavelengths in time domains
from sub- to hundreds of milliseconds with 130 us
time-resolution. The photocycle was excited by 5 ns,
2 mJem™* flashes of a dye laser at 580 nm, and was

monitored by a polychromatic beam of approx. 2
mWem ™ intensity, polarized at the "magic" angle
(54°44’) relative to the excitation in order to elimi-
nate photoselection effects. The signal-to-noise ratio
achieved after averaging was = 1300. The sample, a
suspension of membrane sheets in a 5 mM
Tris /HEPES buffer at pH 7.0 in the presence of | M
NaCl, had an optical density of 0.45.

4. Mathematical background
4.1. Description of photocycle dynamics

Consider a general case when the dynamics of a
complex chemical /biochemical system is described
by a system of coupled linear * differential rate
equations. The kinetic scheme of transformations, the
sequence of intermediates and the paths of their
interconversions, is fully described by matrix K,
each element of which, K(i,j), is the true (intrinsic)
rate constant for the reaction (decay) from state i
into state j. The diagonal elements of K-matrix,
K(i,i), which have no physical meaning, can be
assigned zeros without loss of generality. For exam-
ple, for a cyclic reaction:

0 I(OA I(OB KOC I<OD
KAO 0 KAB I(AC K
KBO KBA 0 KBC I<BD
I<CO KCA KCB 0 K
KDO KDA KDB KDC 0

* A nonlinear case could be treated in a similar way; this
communication focuses on the linear case because it seems to be
the case for retinal proteins, cytochrome ¢ oxidase, phytochrome,
and photoactive yellow protein.
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Let us consider a case where at the initial moment
t = 0 (just before excitation), all the molecules are in
state O (in general, prior to excitation they could be
distributed through states O, A, B, C and D in
equilibrium corresponding to a minimum of the free
energy G=H — §-T). The studied cycle of trans-
formations is initiated by inputting into the system
some additional energy, which drives the system
from thermodynamic equilibrium. The object of study
is the dynamics of return of the system back to
equilibrium. The upper sub-diagonal elements char-
acterize "forward" reactions (e.g. A — B), with the
lower sub-diagonal containing the rate constants for
"reverse” steps (e.g. A < B). Including both in the
model is absolutely obligatory for any but the most
trivial scheme. Non-zero off-tridiagonal matrix ele-
ments correspond to branching and short-cuts (e.g.
AeO)

To prohibit perpetuum mobile-like spontaneous
evolution of the system along some of the closed
loops of reaction pathways (e.g. A e B o C < A),
the integrated change of free energy, AG, along any
possible close loop must be zero. This leads to the
law of detailed balance [43] which imposes restric-
tions on K(i,j). For instance, for the sub-cycle
Ao BeCe A, itresults in

Kap  Kpc  Kca =Kac Kcp Ky

i.e. not all of the K(i,j) are independent. For a cycle
with &, transient states, plus the initial one, "O", in
the above example, this restriction reduces the num-
ber of independent K(i,j) from NN, + 1) to [ NN,
+3)—2]/2+ 18]

Using vector and matrix notation, concentrations
of all states at any time, C(i,r), are described by the
equations

dC(i.r) /dr=M(i.j) - C(j.1) (D

where i =0... N, with i = 0 corresponding to unex-
cited state, and i=1... N, correspond to transient
intermediate states. The matrix of coefficients,
M(i,j), is easily obtained from matrix K(ij). For
non-diagonal elements, by taking a matrix transpose
of K(ij)

M(i.j) =K(j.i) (2a)

and for diagonal ones, by substituting the main
diagonal’s zeros with the corresponding sums

N,
M(ii)=~ ¥ K(i.j) (2b)
j=0
The 2D array of experimentally measured time-re-
solved data, AA(A,¢) arises from a product

AA(AMY =@ -E(AQ) - C(i.1) (3)

Note that in any experimentally measurable data,
differential extinctions, E(A,i), always appear
(pre)multiplied by the "cycling fraction", ¢. In a
general case, a correct, i.e. not based on a priori
assumptions of E(A,i), estimation of ¢ is a complex
problem [44], and recalculation from differential to
absolute spectra of intermediates can be ambiguous.
Here we will limit ourselves to calculation of the
differential spectra.

From the general theory of linear differential
equations, the solution of Eq. (1) can be written
using eigen-values, k “(j), and eigen-vectors, D(i,j),
of the M-matrix

C(i.t) =D(i.j) -exp{ —1-k"(j)} (4)
Now let us compare Eq. (3) and Eq. (4) with the

corresponding output of popular algorithms for ana-
lyzing kinetic data.

4.2. Analysis of 2D arrays of kinetic data by GF and
SVD

The result of the global fitting, GF, approxima-
tion is
AA(A1) =B(Aj) exp— {1t kee())) (5)

In the ideal case, GF should converge to a close
estimate of the true apparent time constants

k™ (j) =kee(J) (6)
Combining Egs. (3)-(5), one gets
B(A.j) = ¢ E(Ai) D(i.j) (7)

for the case of an accurate approximation. The val-
ues of B(A,j) are perturbed when Eq. (6) is poorly
satisfied. Note, that even in the case of an accurate
approximation, the amplitude spectra of the exponen-
tials are linear combinations of real differential ex-
tinctions, E(A,1); the apparent rate constants k. are
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complex algebraic functions from the intrinsic ones
(see [1] for more discussion).

The result of the singular value decomposition,
SVD, is

AA(A) = @- E(AQ) - C(i.f)

= U(Aj)-S(j.i) - V(ir) (8)

By definition, columns of each matrix, U and V,
are orthonormal. Mathematically, deconvolution of
matrix AA(A,f) into a product of two orthonormal
matrixes, U and V, is not unique, and there are an
infinite number of pairs of such orthonormal ma-
trixes which could be obtained from U and V by
rotation [45,46]. The uniqueness of singular value
decomposition is determined by an additional restric-
tion: matrixes U and V are chosen such that recon-
struction of the initial matrix, A A(A,¢), with the first
N columns of U and corresponding N rows of V
(i.e. setting S(i,i) =0 for i > N) produces the best
possible approximation of AA(A,r) in the least
squares sense. This reconstruction is then, by defini-
tion, superior to any other N-factor approximation by
any linear combination of columns of U and V.

Real intermediate spectra E(A,i) should hardly be
expected to form an orthogonal system, that is to be
completely linearly independent, but even if they
were, there is no mathematical reason why the coor-
dinate system formed by vectors of the E-matrix
should have the same orientation in parameter space
as that of the U-matrix. On the contrary, the fact that
the first basis spectrum, U(A,1), represents the best
(in the least-squares sense) one-factor approximation
of the multi-spectra mixture, forces the SVD algo-
rithm to calculate it as a weighted sum of all compo-
nents [35)]. In the geometrical interpretation, this first
basis spectrum corresponds to a multidimensional
(hyper)-diagonal, rather than to any particular true
spectrum, even when the original (true) spectra are
linearly independent (orthogonal). If the true spectra
are not linear-independent, the orthonormal set of
U(A, i) vectors could be created (by SVD) from the
given set of true spectra only as their linear combina-
tions. As a result (in the general case), the SVD
basis spectra (columns of the U-matrix) are linear
combinations of the real differential spectra. Like-
wise, the corresponding SVD kinetics (columns of
the V-matrix) are also linear combinations of the true

time-dependent concentrations of different interme-
diates.

The central problem in kinetic data analysis is the
deconvolution of the experimentally measured data
matrix AA(A,#) into two factors: true spectra E(A,i)
and concentration kinetics C(i,7). Once either the E-
or the C-matrix is calculated, the problem is almost
completely solved. The temporal behavior in both
matrixes C(i,1) and AA(A,1) is characterized by the
same set of eigen-values, k*(j), of the M-matrix
(see Egs. (4)—(6)), and can be obtained by a direct
global fit. However, the N, + 1 eigen-values ob-
tained are not enough to recalculate the (N, + 1) - (N,
+ 1)-element M- and K-matrixes. This becomes
possible when the (N, + 1)-(N,+ 1) matrix of
eigen-vectors, D(ij) is known, along with corre-
sponding eigen-values *. However, D(i,j) is obtain-
able when matrix C(i,t), but not the matrix A A(A, 1),
is globally fitted (see Eq. (4), Eq. (5), and Eq. (7)).
Thus, any set of "true" spectra {(assumed, proposed,
estimated, guessed, etc.) leads unambiguously to
some particular kinetic scheme (described by a
K-matrix). The converse is also true: a transforma-
tion matrix for recalculating matrix E(A,i) from
either B(A,j) or U(A,j) can easily be constructed if
the K-matrix is fully known.

Recently, several groups have claimed that exper-
imental data, AA(A\,t1), were deconvoluted into true
spectra, E(A,i), and concentration kinetics, C(i1),
without a priori knowledge (or assumption) of a
kinetic scheme [5,7,15,19,20], or even in a scheme-
independent way [14]. Mathematically, this is impos-
sible. Any recalculation of matrixes U(A, j) or B(A, )
into the matrix E(A,i), is based on some logical
and/or physical / chemical assumptions /restric-
tions. Thus, recalculations were in fact done in a
frame of a particular (a priori assumed) kinetic
scheme, which is defined by those assumptions in an
implicit way. A particular photocycle scheme was
thus already assumed when AA(A,r) was decom-
posed into the two matrixes E(A,i) and C(i,r) and,
moreover, this scheme can be directly calculated [9].
Conclusions of this type of circular analysis

! According to a general theorem a set of eigen-values and
eigen-vectors uniquely determines all elements of a matrix: M =
D(1-k™)-D 7!, where 1 is the identity matrix.
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[5,7,14,15,19,20] are therefore valid only as long as
those assumed schemes are correct.

4.3. Analysis of 3D arrays of kinetic data by direct
fitting to systems of coupled differential equations

To be able to deconvolute both true spectra,
E(A,i), and concentration kinetics, C(i,t), from ex-
perimentally measured data, AA(A,r), some addi-
tional information is needed beyond that present in
the 2D data array. As pointed out by Nagle [8], the
necessary information is available in the 3D data
array, AA(A,1,T), measured at at least three different
temperatures, provided that individual intrinsic rate
constants have a non-degenerate temperature depen-
dence. The analysis is based on an assumption that
only the concentration dynamics, C(i,z), but not the
true spectra, E(A,i), are temperature-dependent [8].
To further simplify the case, let us assume that all
intrinsic (rather than apparent) rate constants forming
the K-matrix obey (at least in a limited temperature
range) the Eyring form [47]

K(i.jT)={h/(k-T)}
cexp{—[AH*(i.j) —AS*(ij)T]}
(9)

Using Eq. (9) and Eqs. (2a) and (2b), one rewrites
Eq. (1) as

dC(i,1.T) /dt =M(i.j.T) - C(j.1.T) (10)
Subsequently, Eq. (3) is transformed into
AA(MLT) = o(T) - E(AQ) - C(i.t.T) (11)

Here AA(A,1,T) is already a 3D array of data.
The real experimentally measured 3D array would
include some noise, 8(A,1,T)

A‘Aexpcrimcnl( A’[’T) = A14lhcory( )\‘I’T) + 8( /\’[’T)
— o(T) -E(Ai)-C(i.t.T)
+8(A0T) (12)

Assuming that the noise, 8(A,2,T), is random
white noise, an unbiased estimate of E and C by
least squares can be obtained

RSMR = ZZZ{AI‘lcxpcrimcnt( )\,T,T) - QD(T)
E(A) - C(i,1,T)) =0 (13)

Mathematically, the problem involves both non-
linear, AH?(ij) and AS*(ij), and linear, E(A,i),

parameters. Applying the variable projection mecha-
nism [31,48], one can subdivide this problem into
nonlinear least squares in the space of nonlinear
parameters *, and the corresponding linear least
squares. Only the nonlinear part is solved by itera-
tions, while linear least squares can be solved with-
out them. Thus, current estimates for AH#(i.j) and
AS?(ij) are obtained iteratively by some search
algorithm. Then the K-matrix is calculated according
to Eq. (9), the M-matrix according to Eqs. (2a) and
(2b), and the C-matrix according to Eq. (4). The
corresponding estimates for the spectra E(A, i) (to be
more exact, the product of @(T,)-E(A,i)) > are
obtained by solving the following system of alge-
braic equations

E(Ai)-P(i.j) =R(A.j) (14)

where the P- and R-matrixes are

P(i.j)y =2 X{e(TYC(i.t,TYC(j1,TY)  (15)
R(AJ) =2 Y{AA(ALT)C(j.1.T)} (16)

T ot
Differential extinction spectra, E(A,i), for all
transient intermediates are obtained by solving Eq.
(14) separately at each wavelength /wavenumber.

5. Phenomenological approximation of time-re-
solved data by global fitting and singular value
decomposition

The aim of kinetic data analysis is to decompose
the measured array of data, AA(A, 1), into time-inde-
pendent spectra and wavelength-independent kinet-
ics. This decomposition is not unique. A full treat-
ment involves several steps. The first (obligatory)
step is to determine the number of transient states
which give rise to the observed kinetics. The second

* The number of non-linear parameters is twice the number of
allowed transitions included in the model, i.e. a pair of AH* and
ASE# for each non-zero element in K-matrix.

Let @(T,) be the fraction cycling at one particular tempera-
ture. The scaling factors, ¢(T;)/¢(T,) could be calculated in a
similar way. based on the same assumption that the differential
spectra, E(A,i), are temperature-independent (see Section 6.2 for
more details).
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(optional) step is to find a phenomenological de-
scription of the experimentally measured data within
experimental error. That is, to approximate data by
apparent kinetics, and to compute the apparent time
constants and amplitudes. The final (desirable) step
is to extract intrinsic rate constants and differential
extinctions of all transient states.

The GF analysis of kinetic data is based on the a
priori assumption on the mechanism of involved
reactions (for instance, first-order or pseudo-first-
order, second-order reactions, etc.). This a priori
information is used to assume that the apparent
kinetics at each measured wavelength /wavenumber,
A A(A,1), can be expanded into a series of certain
time-dependent functions, 3{B(A,;)f(j.1)}. For in-
stance, for first- or pseudo-first-order reactions, (1)
are exponentials, the most widely used set of time-
dependent functions in GF. The important assump-
tion is that this time-series expansion has a finite
number of terms, j= 1... N,, (which is equal to the
number of transient states in the kinetic scheme, i.e.
N, = N, according to a general theorem of the theory
of differential equations) ®. The time-dependent fac-
tors, f(j.1), are wavelength/wavenumber-indepen-
dent. Only their apparent amplitudes, B(A,j), are
wavelength /wavenumber dependent. The fitting is
performed iteratively in the N,-dimensional space of
the N, nonlinear parameters, k. (), while the ma-
trix of linear coefficients, B(A,j), is obtained by
directly solving of a linear least squares problem.
The performance of several custom-built versions of
GF programs were reported in the literature (see, for
instance, [1,3,12,21.29,31,32.49.50]).

Contrary to a widespread belief that one can
always fit a given set of data, AA(A,1), with either
N, or N,+ 1 exponentials, there is a staristically
significant number of exponentials needed and suffi-
cient for a description of the data. This number can
be readily (and exactly) determined by applying
simple statistical tests [51.52], the F-test in particu-

® This is true for a non-degenerate case. i.e. when no two
apparent rates constants are exactly equal to one another. The true
degenerate case is important for mathematics, but practically
irrelevant for chemical kinetics since this might happen only in a
very narrow range of temperature, due to the difference in temper-
ature dependencies of particular rate constants.

lar. A clear-cut conclusion from F-test statistics for
the number of intermediates detected in experiment
(rather than on the fitting stage) is an apparent
advantage of the application of GF to time-resolved
data analysis (see also [2]).

SVD provides a unique deconvolution of original
data, AA(A.1), into the product of three orthonormal
matrixes U-S- VT [34,40]. When applied to time-
resolved measurements, the U-matrix contains basis
spectra, and the V-matrix contains corresponding
kinetics (time-course) of these basis spectra. The
square S-matrix contains non-zero elements only on
its diagonal. For a noiseless data matrix AA. the
number of transient states, N.. which gives rise to the
observed kinetics, AA(A,t), is equal to the rank of
the S-matrix, and Ny, = N,. The diagonal elements
of the S-matrix, S(i,/) are non-zero only for i <N,
and are equal to zero for i > N, (i.e. Ngyp = N.). For
cases when some noise is present, as in any experi-
mental data set, proliferation of experimental errors
[46,53] leads to non-zero S(i,i) even for i > N.. That
is, the rank of the S-matrix is different from N,. To
separate the signal from noise, one needs to deter-
mine the number of statistically significant compo-
nents Ngy,. There are several ways to determine
Ngyp [35,40.46.54,55], none of which are completely
reliable. Among the most widely used statistical
criteria for evaluation of Ng,, are

- Autocorrelations in matrices U and V [35,56]

AU} = X U= L) U(i) (17)

i=2

ZU(I—IJ)U('J) (18)

i=2

V() =

- Comparison of the corresponding sum of sin-
gular values, S(i,i), to the noise level. A correct
estimate of Ny, should satisfy the following in-
equality [35,56]

N
) 9(11)<Zas(/\t)< Z s2(i.0)
i=Ngypt I 1= Ngyp
(19)
Special indication functions: e.g. (i) the

Brown—Donahue fractional indicator [55]

FRAC(j) =s7(j)/ L s°(i) (20)

i=J
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or (ii) that of Malinowski [54]

.Zs%u)
IND( /) = h (21)

The former reaches its minimum at j = Ngyp + 1,
the latter at j = Ngyp.

Mathematically, determination the value of Ngyp
is the equivalent to an estimation of how experimen-
tal noise has affected the rank of the S-matrix. Since
SVD is a rank-reducing rather than rank-determining
procedure [34,40], this is an extremely nontrivial
problem.

Suppose now that two transient states have similar
(but not equal) spectra. Their linearly independent
basis spectra are going to be their sum and their
difference. The latter is going to be considerably
smaller than other basis spectra. In the case of SVD
analysis, this corresponds to a smaller singular value
§(i,i), which might be easily mixed with noise com-
ponents, and therefore disregarded in the subsequent
analysis. Autocorrelation analysis [35,38,56] of cor-
responding rows /columns sometimes detects such
cases, but there is no general way to detect when
SVD constructs only one (sum) basis spectrum out
of two separate but spectrally similar ones. Mathe-
matically, estimating the number of spectrally dis-
tinct forms involved is the problem of determining
the rank of matrix AA. SVD is a powerful rank-re-
ducing algorithm, and in any but artificially "noise-
less" cases its efficiency in reducing the rank is in
direct conflict with the researcher’s desire to use it
for rank determination.

In practice this is a common feature, when multi-
exponential refitting of the first Ny, statistically
significant columns of a V-matrix produces more
than Ngyp (Ngyp +/. j = 1) statistically significant
exponentials [14,19,20,26-28]. This apparent para-
dox is convincing evidence that a statistically signif-
icant component was thrown away due to an error in
S-matrix rank determination (for discussion see also
Refs. [17,35,38]). This is a typical case of misuse of
a particular numeric algorithm, rather than an illus-
tration of its inherent weakness.

To illustrate the pros and cons of GF and SVD,
let us apply both methods to a set of synthetic data,

for which both the E(A,i) and the C(i,t) matrices are
known. For this purpose, a series of AA(A,t) "data"
sets were generated using one and the same pair of
E(A,i) and C(i.t) matrixes, but with different
amounts of white noise, d(A.1) (added by a random
number generator with a known dispersion ;). The
true intermediates” differential spectra, E(A,i), used
for simulations are shown in Fig. 1. The cycle was
assumed to have the following kinetic scheme

O0=A->BoCeD-0 (22)

The sample was assumed to have an optical den-
sity of 1 OD at its maximum, and 30% of the
molecules were assumed to be excited into the pho-
tocycle (photoconversion of 30%). This Kkinetic
scheme (Eq. (22)) was assumed to be characterized
by the following K-matrix (in s~ ')

0 hv 0 0 0
0 0 600 0 0

0 0 0 694 0
0 0 943 0 270
126 0O 0 253 0

The first step, denoted in the above matrix by
"hv", is a light-induced transition from state "O" to
state "A". This is considered instantaneous, so the
initial conditions are: C,(r=0)= ¢ =0.3, Cppl7
= 0) = 0. The cycle involves four transient states (A,
B, C, D), interconnected by six non-zero intrinsic

Differential extinction [mOD]
s

A B
-50
400 500 600 700 00 500 600 700
Wavelength [nm] Wavelength {nm]
g » / ¢
g / .
.§ 10 /
k / 4
3 0 ”
% %
g 0 C 12 D
400 500 600 700 400 500 600 700

‘Wavelength [om] ‘Wavelength [nm]

Fig. 1. A set of synthetic spectra for intermediates A, B. C, and D,
interconnected according to a kinetic scheme of Eq. (22). These
spectra were used for all further simulations.
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rate constants, listed in the K-matrix. Using Egs.
(2a) and (2b), it can be rewritten into the M-matrix
of coefficients of coupled rate equations in the form
of Eq. (1). Thus, the apparent kinetics are character-
ized by four exponentials (plus a constant level),
corresponding to the vector of eigen-values (in s~')

k™ = [600,307,68.0,11.30] (23)

Back reactions in both local equilibria, B « C
and C « D, were chosen to provide detectable, but
yet not too pronounced effects (corresponding equi-
libria constants are 7.4 and 10.7). The kinetics of the
true concentrations is presented in Fig. 2. The spec-
tra and numerical values for intrinsic rate constants
were chosen in such a way that the simulated spec-
tral data, AA(A,t), closely correspond to those ob-
served for the real case of halorhodopsin (a natural
photoreactive protein from Halobacterium salinar-
ium).

To provide a handy measure of the added noise,
we shall define the signal-to-noise ratio, S /N, as the
ratio of the biggest transient amplitude (in the whole
2D array), max{AA(A,1)}, to noise dispersion, a;

S/N=max{AA( A1)} /0y (24)

"Data" arrays with S /N in the range from 160 to
6-10* (i.e. noiseless within 16-bit accuracy) were
generated for testing both GF and SVD. Fig. 3
presents two such sets of simulated data: (i) " without
noise" in Fig. 3a, and (ii) with S/N =320 in Fig.

_os}
=
kS|
o

0.6}
g
K=
£ o4}
g
=
[T}
g o02f
=]
o]

(18

0.1 1 10 100 1000
Time [ms]

Fig. 2. Assumed true concentrations of the four intermediates: A,
solid; B. dashed; C. dotted; D, dash-dotted lines at 20°C for the
model of Eq. (22).

3b. The global fitting program FITEXP was applied
to the 2D arrays (like those in Fig. 3a and b)
subsequently with 2, 3, 4, and 5 exponentials. F-test
statistics [51,52] revealed 4 statistically valid expo-
nentials for arrays of data with S /N > 250 (see Fig.
4a and b). For lower S /N values, the noise level was
too high for extraction of all four exponentials. Thus,
for S/N > 250, FITEXP (GF) was able to correctly
and unambiguously calculate the number of transient
states, N, giving rise to the observed apparent kinet-
ics, A(A,r). Thus, the first obligatory step of any
kinetic analysis was correctly performed. Note that
the numerical value for the threshold value of S /N
which allows extraction of a specific number of
exponentials, N,, from a given array of experimental
data, is extremely sensitive to the difference /like-
ness in the shape of differential spectra, E(A.i), of
the intermediates involved. In this synthetic example,
the intermediates’ spectra were assumed to overlap
strongly with the closely similar differential spectra
(see Fig. 1). The value of S/N > 250, needed for
extraction of the four exponentials, could be used as
an estimate for the case of the halorhodopsin photo-
cycle, given the similarity of simulated data,
AA(A,1), with experimentally measured curves for
its photocycle. Much lower S /N values might be
sufficient if the differences in spectra are more pro-
nounced (see for instance Refs. [1,2]). Earlier, the
same program, FITEXP, was used to successfully
extract up to six exponentials from flash photolysis
data for the bacteriorhodopsin photocycle [12].

In the case of "noiseless" data, the RSMR value
is equal to the computational round-off error, and,
therefore, numeric values of the fitted (apparent) rate
constants, kg, are in excellent agreement with the
true values of the corresponding eigen-values, k *.
The same excellent agreement was obtained for the
amplitudes, B(A,j), in the sense of Eq. (7). The
errors in both ke and B, of course, increase with
decreasing signal-to-noise ratio. For instance, for the
data array with S/N =320, FITEXP extracts four
exponentials, k gy, in close agreement with the true
values (corresponding eigen-values, k*, compare to
Eq. (23))

ko = [532.342,68.5.11.30] (25)

F-test statistics clearly indicates that four and only
four exponentials are statistically valid. The risk
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Fig. 3. Synthetic transient absorption changes obtained for the photocycle, resulting from the kinetics (Fig. 2) of the intermediates in Fig. 1:

A, noiseless data; B. data with added white noise with S /N = 320.

value (at S/N = 320) of erroneous addition of an
extra exponential is below 0.05% for addition of the
4th exponential, but increases to 95.1%. when the
validity of addition of the 5th exponential is consid-
ered. This clearly indicates that the fourth exponen-
tial is statistically significant, but not the fifth. Am-
plitude spectra, B(A,j), obtained from GF (by FIT-
EXP) approximation of data arrays for the 4-ex-
ponential fit are presented in Fig. 4.

The same synthetic data were also subjected to
SVD analysis. In the case of "noiseless" data, statis-
tical criteria (Eqs. (17)—(21)) unanimously and un-
ambiguously indicate the presence of four different

basis spectra, U, and the corresponding four kinetic
components, V. Fig. 5 presents the first four (statisti-
cally valid) columns of both matrixes, U and V. In
the case of "noiseless” data, SVD analysis thus
produces a correct estimate of the number of states
involved, N,. However, this procedure breaks down
more rapidly than the GF method when the level of
noise increases. Fig. 6 presents the first four columns
of U and V matrices for S/N = 320. At this S/N
value, all statistical criteria (Egs. (17)—(21)) unam-
biguously indicate that only the first three compo-
nents are statistically valid: Ac{U(4)} = 0.35,
Ac{V(4)} = 0.29, far below the 0.6 threshold recom-
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Fig. 5. Results ot SVD analysis of noiseless data from Fig. 3a.
The first four basis spectra, U(A,T) (A-D), and their correspond-
ing kinetics, V(1.i) (E-H).

mended by the author of these autocorrelation tests
[35.56], while the corresponding values for the first
three components are 0.78-0.92 and 0.70-0.96. The
inequality in Eq. (19) is fulfilled for r=3; the
FRAC( ) function (Eq. (20)) reaches its minimum at
J =4, indicating only three valid components [55];
the IND( ) function reaches its minimum at j= 3.
Thus, all criteria declare the fourth component statis-
tically insignificant. Comparing the cases of "noise-
less" data and S/N= 320, it can be seen that the
increase in noise level leads to a complex prolifera-
tion of errors to the extent that SVD produces con-

Fig. 4. Amplitude spectra, B(A.i) for multi-exponential fitting of
data in Fig. 3 by the GF program FITEXP: (a), noiseless data: (b).
data with added white noise with S /N = 320.
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Fig. 6. Results of SVD analysis of data with S/N =320 (from
Fig. 3b). The first four basis spectra, U(A. /) (A-D), and their
corresponding kinetics, V(z.i) (E-H).

fusing results, being unable even to determine the
number of transient states involved. Note that the
signal-to-noise level is still higher than in most
kinetic studies routinely reported in the literature,
while similarity in the intermediates’ spectra is no
more pronounced than for the published spectra of
the distinct intermediates of bacteriorhodopsin
[3,4,7,15,57], halorhodopsin [19,20,58], or phy-
tochrome [26].

Simultaneous (global) refitting of the first three
components of the V-matrix with multi-exponentials
and subsequent analysis by F-test produce conclusive
evidence, that four, rather than three, kinetic compo-
nents, and therefore four intermediates, are present in
the synthetic data array with S/N = 320. Similar

situations, when global refitting of the first Ngyp
components (or a full array of data reconstructed
with S(i,i) =0 for i > Ngyp,) produces a number of
exponentials in excess of the number of basis spectra
used, were reported [14.17,19,20,26-28]. In most
cases, an assumption was made that two or more
intermediates share one and the same spectrum and
should be consecutive (e.g. B and C) in the Kinetic
scheme. These "spectrally indistinguishable" states
were then treated as a "sum of states"’, with a single
concentration kinetics assigned to it [9,19.20]. 7 Our
example (Eq. (22) and Fig. 1) illustrates a case when
this logic leads to a false conclusion: the spectrally
similar intermediates are ‘B’ and ‘D’ (see Fig. 1)
with a distinctly different intermediate ‘C’ in be-
tween. Treating intermediates ‘B’ and ‘D’ as two
states in fast direct balance would lead to a model in
which state ‘C’ is misplaced and its spectrum miscal-
culated, as well as practically all corresponding con-
centrations.

Both the GF and SVD produce a best (in the least
squares sense) phenomenological approximation of
data AA(CA,r). The fact that GF with sufficient accu-
racy detects and characterizes all four intermediates
at S/N = 320, points out that at this noise level all

four intermediates are both kinetically and spectrally

distinguishable.

To highlight the truly fundamental limitations of
both GF and SVD, let us compare the results of
application of both methods to noiseless data sets. In
this case both GF and SVD provide a four-term or
four-factor approximation accurate within the round-
off error. The fitted kinetics, f(j,z) from GF or
V(t,j) from SVD, is a sum of exponentials, with rate
constants corresponding to the eigen-values, k°, of
the M-matrix. Thus, the kinetics are fully approxi-
mated by only four exponential components, while
there are six non-zero elements in the M-matrix.
Most illustrative is a comparison of the true spectra
used for the simulations, E(A,i), (Fig. 1), with expo-
nential amplitudes of the GF, B(A,i), (Fig. 4a) and
the basis spectra, U(A,i), of SVD (Fig. 5a). These
three sets of spectra are really different: both GF and
SVD generate spectral components, which cannot be

" A case when those states are not consecutive in Kinetic
scheme was also discussed recently [17].
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associated directly with true differential spectra.
Thus, both GF and SVD provide only a phenomeno-
logical description: both B(A,i) and U(A,i) are still
linear combinations of the true spectra, in a sense no
more informative than any stroboscopic time-slice at
some particular time-delay after the flash. This sim-
ple fact has been accepted about GF results for many
years [1], but is still regularly challenged by some
proponents of SVD analysis.

6. SCHEMEFIT—a program for fitting 3D ar-
rays of spectra-kinetic data to a system of coupled
differential rate equations

6.1. General features of SCHEMEFIT

As was shown in the previous section, the 2D
data array does not contain enough information for
unambiguous evaluation of a full kinetic scheme
with intrinsic rate constants and true intermediate
spectra. As was pointed out earlier [8], the insuffi-
cient information in a 2D data array can be compen-
sated if a third dimension, for instance temperature,
is added to the experimentally measured data. Impte-
mentation of this approach is based on the following
four assumptions:

1. All intrinsic (microscopic) rate constants for ele-
mentary transitions between states (e.g. Ky or
Kyp) are pseudo-first-order, and, therefore, the
photocycle is described by a system of coupled
linear differential rate equations ® (Eq. (1)).

2. In a limited temperature range, all microscopic
(intrinsic) rate constants have an Arrhenius-like
temperature dependence according to Eyring’s
transition state theory (Eq. (9)). °

3. Activation energies, AH*(i.j), are different for
different microscopic steps, and the K-matrices at
different temperatures are linearly independent.

¢ Higher order reactions. e.g. second order. could be treated in
a similar way, by changing matrixes K and M. with subsequent
changes in Eq. (2a). Only the case of pseudo-first-order reactions
will be considered in this communication.

? This assumption is not obligatory (see [8]). However, the
current version of the SCHEMEFIT was designed for the particu-
lar case when this assumption is valid. and only this case will be
considered here.

4. The true intermediate spectra, E(A.i), are invari-
ant with temperature. Hence, all temperature de-
pendence in the measured data, A A(A,2,T), comes
from the complex pattern of temperature-depen-
dent kinetics of true concentrations, C(i,T),
which is in turn due to the Arrhenius temperature
dependence (Eq. (9)) of the microscopic rate con-
stants.

The basic mathematics behind this approach is

outlined in Egs. (9)-(16) of Section 4. The input for
this analysis consists of three different parts:
1. Data: an experimentally measured 3D array (in
time, wavelength /wavenumber, and temperature).
Parameter: the number of transient states de-
tected experimentally. This value is determined
by a combination of GF procedure and statistical
tests by applying both to 2D data sets, measured
at particular temperatures. '’ As shown above,
this is an experimentally determined parameter,
rather than an additional assumption.

3. Hypothesis: a list of microscopic steps which are
prohibited (if any) in this particular kinetic scheme
(i.e. a list of elements in the K-matrix which are
always zero). Effectively, this provides a qualita-
tive outline of a kinetic scheme: a sequence of
intermediates with a list of allowed transitions, a
list of non-zero elements in the K-matrix, but
without any assumptions or restrictions on their
numeric values.

The hypothesis to be tested is a voluntary choice,
since a priori even a 3D set of experimental data,
AA(ALT), provides no direct information on the
kinetic scheme. Note, that no « priori assumptions
concerning intermediate spectra or intrinsic rate con-
stants are required or allowed. Moreover, the 3D
scheme-fitting analysis will yield a set of calculated
differential spectra and corresponding intrinsic rate
constants for ¢ny scheme which does not violate the
law of detailed balance [43].

[Re]

1 GF /statistical test analyses are done subsequently on cach 2D

sub-set of data measured at a particular temperature. Cross-com-
parison (at different temperatures) provides either additional sup-
port for the given numeric value of N, = Nj;,-. (when the calculaed
value for N is temperature-independent). or, otherwise. allows
diagnosis of such problems in the experimental data array as
outliers (noise bursts), badly chosen measuring time windows,
insufficient averaging, etc.
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The output of the scheme-fitting analysis contains
the following information:

1. Intrinsic (microscopic) rate constants for all al-
lowed transitions.

2. Pure differential spectra of all intermediates.

3. Thermodynamic activation parameters, A H*(i, )
and AS*(i,j), for all allowed transitions, i.e. the
temperature dependence of the intrinsic rate con-
stants.

4. The free energy difference, AG, between any two
intermediates for which both forward and back
reactions were included in the kinetic scheme:
AG,;=AH,;—TAS, ={AH"(i,j) — AH?(j.0)}
— T{AS*(i,)) — AS#/(j,i)}_ Changes in free en-
ergy, AG, in the course of the intermediates’
transformations provide information on the over-
all energetics, while pronounced changes in en-
thalpy, AH,;, and entropy, AS,;, signal major
dissipation and conformation-perturbing steps in
the system’s dynamics.

All obtained values are valid only in the frame of

a particular hypothesized kinetic scheme, which was

assumed for the analysis. Hypothesizing different

schemes will lead to different combinations of spec-
tra, kinetics and thermodynamic constants. Many,
rather than a single kinetic scheme, should be tested
against any 3D set of experimental data. The main
and the only selection criteria are chemically /physi-
cally sensible results. The non-negativity of the re-
sulting absolute absorption spectra is probably the
strongest criterion. It allows rejection of tentative
schemes which lead to intermediate differential spec-
tra with strong negative absorbance outside of the
main absorption band of the parent chromophore.

Numeric values for the intrinsic rate constants and /or

thermodynamic parameters provide further criteria.

An unreasonably fast (e.g. femtosecond) calculated

rate constant for transitions requiring a major protein

conformational change, or a free energy change be-
tween intermediates exceeding the overall energy
input for excitation of the studied reactions '', are

examples which provide grounds for rejection of a

particular kinetic scheme under consideration.

As usual in statistics, a particular kinetic scheme

" To be more exact. that exceeding the amount stored in the
primary act.

can be rejected but cannot be proved. In a general
case. the scheme-fitting analysis of a particular 3D
data set normally allows only prediction of a
"family" of favorable kinetic schemes, without be-
ing able to unambiguously choose a single best

fitting scheme (see [9,13.17] for examples). This

latter task, a reduction from several favorable to a
single best-fitting scheme, may be further achieved
by adding one more dimension, the fourth one, to the
experimental data array (e.g. a pH, ionic strength. or
other chemical agent dependence). As a by-product.
this approach will yield more unique information.
such as pK, or salt-affinity constants for intrinsic
rate constants. This information cannot be extracted
by other methods.

6.2. The structure of the SCHEMEFIT program

Based on the ideas of the variable projection
mechanism [31,48], the fitting procedure in SCHEM-
EFIT is effectively subdivided into two parts: (i) a
non-linear least-squares part, and (ii) a linear least-
squares part. The former is solved by an iterative
quasi-random search in the space of non-linear fit-
ting parameters, AH*(i.j) and AS*(i,j). Once a
current estimate for A H*(i,j) and AS*(i,j) is ob-
tained, the linear least squares is solved without
iterations. As a result, differential spectra, E(A.7). for
this given set of AH*(i.j) and AS*(i,j) are pro-
duced, and the residual sum of squares, RSMR,
between the measured kinetics and current approxi-
mation, is calculated.

In each step of the iteration procedure, SCHEME-
FIT subsequently performs the following steps:

1. An initial estimate of the thermodynamic activa-
tion parameters (AH*(i.j) and AS*(i.j)) for
each of the i —j steps allowed by the kinetic
scheme is produced by a random value generator
such that the corresponding values of activation
free energy, AG¥, are within the specified range.

2. All non-zero individual intrinsic rate constants in
K-matrixes are calculated according to Eq. (9),
separately for each temperature.

3. M-matrixes (for different temperatures) are re-
calculated from K-matrixes according to Eqgs.
(2a) and (2b).

4. Eq. (1) is solved numerically (in the form of Eq.
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(4)), separately for each temperature, using a set
of procedures for handling eigen-value-prob-
lems, to yield a current approximation of the
intermediates’ concentration kinetics, C(i,t,T),
for all intermediates at all time points and tem-
peratures.

5. Once the matrix C(i,2,T) is estimated, the non-
linear part of the least squares problem of Eq.
(13) is finished, and the current values for ex-
tinction coefficients, E(A,7), are calculated from
Eq. (14) as a linear least squares problem in the
following three steps.

6. First, the products ¢(T) - E(A,i) are calculated
separately for all temperatures, T,, from Eq.
(14), using reduced (without summation over
temperatures) forms of Eq. (15) and Eq. (16).

7. Second, the scaling factors ¢(T)/¢(T,) are cal-
culated, based on the assumption that extinction
coefficients, E(A,i), are temperature invariant.

8. Third, the extinction coefficients, E(A,i), are
calculated from Eq. (14) using the full Eq. (15)
and Eq. (16).

9. When both the spectra, E(A,i). and kinetics,
C(i,1, T), are known, the residual sum of squares,
RSMR, between the measured signal,
AA perimen{ L6 T), and its current theoretical
approximation, AA(AT) = o(T) - E(Ai) -
C(i,1,T), is calculated and its value is used as a
criterion for goodness-of-fit.

10. The iteration procedure is further performed,
repeating each time steps 2 to 9 and substituting
the initial step #1 by the following step #11.

11. On each iteration step, new values for A H*(i, )
and AS*(i.j) are calculated using the adaptive
random search algorithm [59]. In short, each
new value is calculated from the corresponding
value from the previous iteration step in such a
way that their difference is a normally dis-
tributed random value with a given dispersion,
Orsiijy OF Oapg - When all new values of
AH*(i,j) and AS*(i,j) are calculated, steps
#2—#9 are repeated. If this procedure leads to
an improvement in RSMR value, the shift from
"old" to "new" AH*(i.j) and AS*(i.;j) values
is accepted; if the RSMR value is increased, the
shift is rejected.

As shown above, a single iteration step includes
nine sub-steps: #11 and #2-#9, with #11 substi-

tuted by #1 on the initial iteration step. The adaptive
feature of this algorithm allows changing individual
values of ayy;; and 0,4, ;, in the course of
iterations. They are increased or decreased by a
factor «, based on whether the absolute value of the
difference between A H*(i,j),.,, and AH*(i,j), is
higher or lower than the corresponding g 4, ;; value
[59]. The "volume" (a product of all o’s) of gy, ;,
and gy, ;, is renormalized each time to prevent its
premature decrease, which might lead to sliding into
a local minimum.

The flow of the search algorithm is governed by
four adjustable parameters: N,,, «, B3, and y. The
iterative procedure is repeated for a given set of
Ossijy and oy, values until a stage is reached,
when N, continuous subsequent attempts to gener-
ate new sets of nonlinear fitting parameters,
AH*(i,j) and AS*(i.j), do not produce any im-
provement in RSMR. At this point, the set of gy, ;,
Or 0,y ;; 1s decreased as a whole by a factor B.
The full fitting search is stopped after this step-wise
decrease has been performed vy times. Such step-wise
decrease in the search space allows an increase in the
speed of conversion on later stages of fitting.

The four parameters: N;,, a, B, and y, permit
fine-tuning of the search procedure, balancing be-
tween a fast conversion to a local minimum (when
N, and vy are too small while « and 8 are too big),
and an opposite case, which leads to unreasonable
computational times without noticeable improve-
ment. As acknowledged even in CERN (European
Atomic Energy Center, Switzerland) library docu-
mentation [60], there is no universal way to fine-tune
a search procedure, which is to search for a global
minimum on an arbitrary multidimensional surface
with local minima. However, a tuning for a particu-
lar purpose is possible. SCHEMEFIT was tuned on a
set of synthetic data imitating the flash-induced sig-
nals from retinal protein dynamics. Based on our
experience with synthetic curves, the following nu-
meric values were used. The parameter Ny, increases
exponentially with the number of non-linear fitted
parameters. For the case of 10--12 nonlinear parame-
ters (i.e. 5-6 allowed transitions), N, = 10° was
found optimal, with parameters «, B8 and y of 1.04,
2.5 and 5 correspondingly.

As revealed by tests on synthetic data sets, the
search in multidimensional space of non-linear fit-
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ting parameters is performed over the RSMR sur-
face, characterized by numerous local minima.
Therefore, most of the popular search algorithms,
which actually search towards a local, rather than the
global minimum [60], are inappropriate. This is espe-
cially true for search algorithms based on determinis-
tic search criteria. Even such quasi-random search
algorithms as Simplex have progressive difficulties
with an increase in the number of non-linear parame-
ters. This reflects the simple fact that an increase in
the number of non-linear parameters is usually ac-
companied by the emergence of additional local
minima.

The random (Monte Carlo-based) nature of our
main search procedure allows escape from local
minima, while the adaptive nature of the algorithm
provides a powerful tool for increasing the speed of
conversion.

The search usually finds a "raw" approximation
during the first 5-50 thousands of iterations. It is
extremely important not to stop at this level, but to
let the search algorithm crawl to the bottom of the
RSMR well. In many cases, an approximation which
seemed to be perfectly sensible after the first few
thousands of iterations later produces such unrealis-
tic features as strong negative absorption outside the
main absorption band of the unphotolysed chro-
mophore.

6.3. The strategy for applving SCHEMEFIT to se-
lecting the ‘best-fitting’ kinetic scheme

The main strategic decision is the choice of mod-
els to be tested, their sequence, and the criteria of
switching from one scheme to another. From a purely
logical point of view, the best strategy should be to
start with the most complicated model, which allows
all transitions between all transient states. This corre-
sponds to a K-matrix in which all elements except
those on the main diagonal are non-zero, and then to
let the fitting algorithm indicate the unneeded ele-
ments by driving the corresponding rate constants to
zero [8,9]. Unfortunately, two facts make this theo-
retically most favorable approach non-practical. First,
in really complex cases the corresponding programs
sometimes fail to eliminate the unnecessary transi-

tion and even sometimes indicate a need to eliminate
a valid transition (see also [9]). Second, an addition
of one nonlinear parameter necessarily leads to an
increase in the number of iterations (by approxi-
mately doubling the N, parameter in SCHEMEFIT),
with subsequent drastic increase in the computational
time.

Applying SCHEMEFIT to both synthetic and real
data (see Section 7.1 and Section 7.2, respectively)
led us to an alternative approach. Three values of
RSMR from corresponding fits were used for deci-
sion-making:

I. RSMR values from global fitting of data sepa-

rately at each temperature (RSMR (- );

2. The RSMR value from scheme-fitting to the sim-
plest possible model: to the unidirectional un-
branched cycle (e.g. 0> A—>B—>C—>D-0)
(RSMRy);

. The RSMR value from scheme-fitting to some
cycle model which is expected to be more com-
plex than the true one (RSMR ). For instance, to
a model in which all back reactions are included
(eg. 0O A=B« CeDe 0, as compared to
Eq. (22)).

The scheme in case #2 includes fewer transitions
than the true scheme (see Eq. (22)); we shall call
such schemes underdetermined. Alternatively, a
scheme including more reactions than the true scheme
(for instance, that of case #3) will be called overde-
termined.

Unfortunately, application of statistical tests is
much less straightforward in scheme-fitting analysis
than in global fitting. The main difficulty is in
estimating the residual degrees of freedom after fit-
ting. In global fitting, the number of degrees of
freedom is well-defined. Initially, the data contain
N,- N, independent points. A global fit with N,
exponentials at N, wavelengths /wavenumbers de-
creases the number of degrees of freedom by {N, -
(N, + 1) + N}, since this is the number of parame-
ters (and therefore data points) which unambiguously
define a unique set of N, exponential curves at N,
wavelengths. Global fit is a phenomenological de-
scription which does not impose any restrictions on
possible values of either exponentials or their ampli-
tudes. However, this is not true for scheme-fitting.
The problem is that all possible N, intermediate
models (starting from the simplest unidirectional un-

(98]
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branching one and up to the most complex one)
result in apparent kinetics with N, exponentials and a
constant level. Increasing the complexity of the model
does not lead to a change in the number of terms in
the series expansion of the apparent kinetics. How-
ever, unlike the phenomenological description with
multi-exponentials, where the corresponding expo-
nential amplitudes (eigen-vectors) could be fitted
without any restrictions, any particular scheme-fit-
ting model does impose restrictions on the corre-
sponding eigen-vectors of true concentrations, and,
therefore, on apparent kinetic amplitudes. The RSMR
value from global fitting, RSMR ;. gives the abso-
lute minimum of RSMR for scheme-fitting. Any
model, including the correct best-fitting one, would
produce an RSMR value which is equal or greater
than RSMR -, because the scheme-fitting minimiza-
tion is performed as a search of a conditional mini-
mum, while that of the GF is for an unconditional
one. Thus, it is practically impossible to use the
RSMR values to compare quantitatively two models
with the same number of adjustable parameters but
different topology 2. Comparison of the RSMR
value from global fitting, RSMR ., with RSMR, of
the scheme, which is assumed to be overdetermined,
serves as an indicator of whether the latter scheme is
actually too complicated or is oversimplified. Based
on experience with synthetic data, a model should be
considered overdetermined when the ratio
RSMR,/RSMRy;;. is below 1.3—1.6. Higher values
indicate that the model lacks complexity and addi-
tional transitions need to be included. At this step,
any transition in the "forward" direction is always
included together with the corresponding back reac-
tion (e.g. both B — D and B « D).

The next step is to simplify the kinetic scheme
starting from the overdetermined model. The best
way is to repeat the fits on all models differing from
the overdetermined scheme, omitting only one par-
ticular allowed transition in each fit. In practice,
back reactions with rate constants of at least 100
times slower than the rate constant in the forward
direction (ky, .y /kjorearg < 1077) are good candidates
for elimination. Frequently, several transient bal-

" E.g. two schemes: ()0 > Ao BeCeD->0und A =C,
and (il 0O AeBeoCeD—->0Qand BeD.

ances (in an overdetermined scheme) have values of
Koo/ Kropwarg < 1072, From our experience, no more
than one transition should be eliminated at a time in
progressing from one tentative scheme to a simpler
one, even if two or more balances qualify for
Kpaer/ *torarg < 1072, Note that if a fit to an overde-
termined model produces several steps with
Kpaek/ Kiorwara < 1072, the lowest value of
kpack/ Kiorwara does not always point to the insignifi-
cant transition. This rather points out that ar least
one insignificant transition is present in the tested
scheme. Mathematically, this reflects the fact that in
the multi-dimensional space of non-linear search pa-
rameters the RSMR hyper-surface is not only charac-
terized by a variety of local minima, but is changed
in a non-linear way upon changes in its dimensions.
That is, RSMR minima shift, appear and disappear
when some particular transition is removed from the
fitted model. However, certain trends of the RSMR
evolution from one scheme to another are really
indicative. Stable or decreasing RSMR values are
associated with elimination of an unneeded transition
from an overdetermined scheme, while an increase in
RSMR values indicates an attempt to eliminate a
valid transition from the true scheme. Thus, the
best-fitting scheme is found when any attempt to
further simplify the tentative scheme leads to an
obligatory increase in RSMR.

An interesting feature about overdetermined
schemes is that when using them, SCHEMEFIT
sometimes failed to converge during a reasonable
time to an RSMR value corresponding to the exact
scheme, but rather stopped at values of RSMR ap-
prox. 30% higher. Furthermore, much lower values
of RSMR were produced within approximately the
same number of iterations when the tentative scheme
was simplified. Insufficient number of iterations used
(i.e. N; was too low), loss of accuracy due to
accumulation of a roundoff error, or insufficient
sensitivity of data to small model variations (e.g. due
to a too narrow range of temperature for which the
data was measured), are the most probable reasons
for this seemingly unexpected behavior. Alterna-
tively, this might indicate some limitations of the
approach (e.g. insufficient accuracy of search in the
space of more than 14 non-linear parameters), or
might be due to changes in the RSMR hyper-surface
induced by dimensional changes in the search space.
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7. Application of SCHEMEFIT
7.1. Analvsis of synthetic data

To test the performance of SCHEMEFIT, 3D
arrays of synthetic data were generated with variable
amounts of white noise for the same model as in
Section 5 (Eq. (22)), using the same spectra of Fig.
1. The 2D data shown in Fig. 3 {called "data at
20°C" below) were included in this 3D array to-
gether with simulated data at 10°C and 30°C. Tem-
perature dependencies for particular rate constants
were assumed to be in accordance with Eyring’s law
(Eq. (9)), with AH? in the range from 10 to 60 kJ
M™!, and AS# in the range from —0.2 to —0.03 kJ
M~'°C~!, and corresponding AG* values from 56
to 67 kIM~'. The excitation efficiency, ¢(T), was
assumed to be 0.23, 0.30 and 0.20 at 10°, 20° and
30°C, to further complicate the task for the scheme-
fitting program. Only the 3D arrays with S /N > 250
were subjected to scheme-fitting analysis.

A scheme with all back reactions but without
branching (for both S/N =320 and S/N = 640)
already produced RSMR values approximately 30%
above that of the global fitting. In the strict sense,
this is not a sufficient argument to reject the possibil-
ity of branching reactions, so additional branching
reactions were added to the scheme already includ-
ing all back reactions. This failed to improve the
RSMR significantly, so the scheme without branch-
ing but with all back reactions was considered to be
overdetermined. In this scheme the highest value
obtained for k. .w.a/Koaek Was kp_, o/ koo p =50,
correctly indicating the O — D transition, which was
not present in the assumed true scheme used to
generate the synthetic data. Eliminating this transi-
tion from the kinetic scheme indeed produced a more
significant reduction in RSMR than dropping any
other back reaction, thus verifying that this transition
is not needed. The B — A transition was eliminated
on the next step in a similar way, and a scheme
O—->A—->B«< CeD-0, equivalent to the true
one, was obtained. The RSMR values at this stage
were some 10% above the noise level (and therefore
still above the RSMR;;:). Attempts to further sim-
plify the tentative scheme led to increases in RSMR,
indicating that all transitions in the scheme O — A
— B & C < D — O are significant. Fig. 7 presents
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Fig. 7. Differential spectra of intermediates extracted by the
SCHEMEFIT program, which fitted the synthetic data with S /N
> 320 (see Fig. 3) dircctly to the set of coupled differential
equations. The solid line is for the case of noiseless data; it is
indistinguishable from the intermediates’ spectra in Fig. 1. The
dashed line with open circles is for S /N = 640; the dashed-dotted
line with filled circles is for S/N=320. The differences in
spectra calculated from data with different S /N ratios could be
scen only for state C and 1o some extend for state D.

the spectra calculated by SCHEMEFIT from data
with S /N > 320. Note, that this result was obtained
on the same set of data (S/N =320), for which
SVD failed even to estimate correctly the number of
intermediates involved.

In the case of noiseless data, the spectra produced
by SCHEMEFIT were practically indistinguishable
from the spectra used for simulations. The average
difference was 0.03 mOD for the spectra with ampli-
tudes of at least 10 mOD (see Fig. 1 and Fig. 7).

Comparison of spectra used for simulations (Fig.
1) with amplitude spectra from GF (Fig. 4). basis
spectra from SVD (Fig. 5) and calculated differential
spectra by SCHEMEFIT (Fig. 7), illustrates the
power of the scheme-fitting program.

7.2. Analysis of the halorhodopsin photocycle

This section illustrates the use of SCHEMEFIT
on real data. Preliminary results of this study were
reported earlier [18,61-63]. Full details are to be
published elsewhere (A.K. Dioumaev and D. Oester-
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Fig. 8. Transient absorption changes associated with the photocycle of halorhodopsin at 20°C at pH 7.0 in the presence of | M NaCl.

helt, in preparation). Fig. 8 presents a typical time-
course of absorption changes associated with the
halorhodopsin photocycle at high salt (NaCl) concen-
trations. Global fitting by FITEXP indicates the
presence of four transient intermediates at each of
the 4 temperatures (from 8°C to 30°C) for which the
data were measured. Additional analysis of the distri-
bution of residuals in each 2D array confirmed 4
intermediates: the addition of the fourth exponent in
the GF analysis removed any systematic deviations,
and the residual array became random. The apparent
rate constants, Kk, displayed smooth temperature
dependence, though not exactly Arrhenius. The cor-
responding amplitude spectra were well defined, but
displayed distinct systematic variations with temper-
ature. Both of these two features clearly indicate that
the kinetic scheme of the halorhodopsin photocycle
is more complex than a simple sequential unidirec-
tional one.

Using the above outlined strategy, a four-inter-
mediate cycle (intermediates B, C, D, E '¥) was
fitted to experimental data with SCHEMEFIT. All

3 . . . . . .
" The use of blind letters is to further re-iterate. that no a priori
assumptions were made on the intermediates spectra. The letter A
is reserved for a fast-decaying bathochromic state. hR ,,, which is

present only during the first several microseconds in the cycle
[58].

possible schemes with one state in a cul-de-sac (the
way the hR,, side-product might be expected to
appear [64]) were tried and rejected. This is in
accordance with the earlier evidence that hR,,, ap-
pears only after prolonged continuous illumination
[64]. Fitting a 3D data array to the simplest linear
unidirectional photocycle, hR - hR, > B > C—
D — E — hR, produced an RSMR, value that was
36% higher than for the hR - hR,;\, > B C<D
< E < hR model. This difference clearly indicates
that some of the four back reactions are significant.
Adding branching reactions failed to improve the
RSMR significantly. Systematic elimination of back
reactions indicated that the only really significant
one (at 1 M NaCl concentration) is the D — C
transition. As a result, the following scheme was
considered to be best-fitting

hR - hR,,, > B—>CeD—->E—>HhR (26)

This 5-transition model was found to be inferior only
to a 9-transition scheme, in which besides all back
reactions, a branching pathway between the B and E
states was included. However, given the similarity of
spectra for both schemes, the much simpler scheme
(Eq. (26)) can be considered to be the best-fitting
scheme. Calculated differential spectra are presented
in Fig. 9.

These differential spectra (Fig. 9) revealed that
the ‘B’ and ‘D’ states are bathochromic, ‘C’ state is
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Fig. 9. Differential spectra for the best-fitting model hR — Ay, = B — C < D — E — hR, extracted by SCHEMEFIT from a multi-wave-
length, multi-temperature data; the 20°C component of this data set is presented in Fig. 8. Intermediate B, solid line and asterisks; C, dashed
line and diamonds; D, dotted line and triangles; E, dash-dotted and squares.

hypsochromic, and the state ‘E’ is characterized by extinction coefficient. The corresponding photointer-
practically the same spectrum as the initial (parent) mediate concentrations are presented in Fig. 10.
state of non-photolysed pigment, but with a lower Based on the published values of the quantum yield
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Fig. 10. True concentration kinetics of the four intermediates in the halorhodopsin photocycle for the best-fitting scheme, extracted by
SCHEMEFIT. Intermediate B, solid line; C, dashed; D, dotted; E, dash-dotted; hR recovery, dash-double-dotted.
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Fig. 11. Absolute spectra of halorhodopsin photocycle intermediates, recalculated from difterential spectra in Fig. 9. Intermediate B, solid
line and asterisks; C, dashed and diamonds; D, dotted and triangles; E. dash-dotted and squares. The thick line is the halorhodopsin

absorption spectrum.

of the halorhodopsin photocycle [64], an upper limit
for excitation efficiency, ¢, was estimated at < 20%.
Attempts to reconstruct absolute spectra, assuming
values for ¢ < 8%, resulted in secondary maxima in
spectra of states ‘B’ and ‘C’. Absolute spectra for
¢ =0.15 are shown in Fig. 11.

Initial heterogeneity of the halorhodopsin chro-
mophore in the ground state (hR,,__, and
hR 5_,,.,,) which might give rise to a mixture of
intermediates from two parallel photocycles in the
studied time range (as proposed in Ref. [19]) was not
considered here, and will be treated elsewhere (A.K.
Dioumaev and D. Oesterhelt, in preparation).

8. Conclusions

Using synthetic data we have demonstrated that
widely used methods for mathematical analysis of
2D spectral-kinetic data fail to extract true spectra of
the transient states and true kinetics of their concen-
trations. Instead, global fitting, singular value de-
composition, principal component analysis and factor
analysis produce only phenomenological description,
which does not allow a correlation of experimentally

measured data with the underlying molecular mecha-
nism.

All these shortcomings can be overcome by in-
cluding additional data at different temperatures to
form a 3D experimental array to be fitted simultane-
ously to systems of differential equations describing
tentative kinetic schemes. The scheme-fitting analy-
sis permits the best-fitting scheme to be found, and
the calculation of all its intrinsic parameters. This is
illustrated on synthetic data with a custom-built pro-
gram, SCHEMEFIT. The ability of SCHEMEFIT to
recalculate true spectra and intrinsic kinetics, as well
as to evaluate the paths of the transient states’ inter-
conversions, is in evident contrast with GF and SVD
analyses, both of which failed to perform this task.
SCHEMEFIT performance on real data is included
as an additional illustration of the prospective power
of the scheme-fitting approach to studies of natural
photochromes.

The advantage of scheme-fitting analysis is in
extracting intrinsic molecular parameters. This infor-
mation is extremely important for evaluating the
molecular mechanism of function, which otherwise
remains hidden behind the apparent multi-component
kinetics of complex systems. We believe that the 3D
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scheme-fitting analysis will become a widely used
‘instrument’ in the years to come for studying differ-
ent complex chemical reactions, which include a
number of transient states with complex paths of
their interconversions.

9. Notes added in proof

While this paper was under consideration we were
able to obtain an independent confirmation for one
of the most controversial results presented above.
This concerns our conclusion (in Section 7.2) on the
existence in the main path of halorhodopsin photocy-
cle of a second bathochromic intermediate, B, with a
lifetime of 500 ws (at 20°C) following the primary
bathochromic state, hK,,,, but prior to hyp-
sochromic intermediate C (see Figs. 9 and 10). No
such intermediate was ever included in the previous
schemes of the halorhodopsin photocycle
[19,58,64,65]. Recent time-resolved FTIR measure-
ments with nanosecond time-resolution (Dioumaev
& Braiman, in preparation) revealed existence of a
transient state with a rise time of ~ 300 ns and
decay time of ~400 us (at 20°C). (Experiments
were performed at pH 7.3 in the presence of 2 M
NaCl on a sample prepared from the same strain of
halorhodopsin as used in this paper). The pattern and
the magnitude of the transient absorption changes in
both ethylenic and hydrogen out-of-plane (HOOP)
regions unambiguously signal that this intermediate
is the second K-like state, hK, (or ‘late K). It is
directly formed from the primary bathointermediate,
hK ¢y, (or ‘early K*), described earlier [58]. The hK
intermediate detected in the IR belongs to the main
photocycle path originating from the all-trans chro-
mophore, and it decays into the well-known L-like
state, hL [19,58.64,65] (alias our intermediate C, see
Fig. 9). Spectral and kinetic properties of the hK
intermediate are fully consistent with the properties
of the intermediate B proposed in this paper, thus
independently confirming both the origin and the
placement of B in the kinetic scheme (Eq. (26), Figs.
9 and 10).
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