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ABSTRACT: The Lindemann mechanism explains how apparent unimolecular chemical reac-
tions arise from bimolecular collisions. In this mechanism an ingredient M activates reactants
A through collisions, and the resulting activated species A* can either decay to products P or
be deactivated back to A, again via collisions with M. A first-order stochastic cellular automata
model described previously [Seybold, Kier, and Cheng, ] Chem Inf Comput Sci 1997, 37, 386)
has been modified to simulate this mechanism. It is demonstrated that this model accurately
reflects the salient features of the Lindemann mechanism, including the normal second-order
kinetic behavior at low [M| and apparent first-order kinetics at high [M]. At low [M] the mech-
anism is equivalent to a rate-limited sequential process, whereas at high [M] it becomes a
preequilibrium with leakage to products. The model also allows an examination of the validity
of the steady-state approximation normally employed in a deterministic analysis of this mech-
anism, and it is seen that this approximation is not well justified under reasonable conditions.
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INTRODUCTION

By the early years of the twentieth century a number
of gas-phase reactions were known that appeared to be
unimolecular, occurring without collisions. Perrin [1]
proposed that the reacting molecules were activated by
infrared radiation from the reaction vessel walls. Ther-
modynamic reasoning, however, shows that such a pro-
cess cannot be responsible for the reactions observed
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[2]. Subsequent studies by Lindemann [3], Chrisiansen
[4,5], and Hinshelwood [6] led to a mechanism con-
sisting of three elementary steps involving the reacting
species A, a collisionally activated species A*, a colli-
sion partner M, and product P:

A+M2S A 1M
A*+M 2 A+ M (1)

k3

A" — P

This set of reactions has come to be called the
Lindemann mechanism. In this, conversion of the
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activated species A* to product P competes with de-
activating collisions of A* with the species M.

The customary approach to this mechanism and
similar kinetic phenomena is to describe the time-
dependent changes in the reacting species in terms of
a set of coupled differential rate expressions [7,8]:

d[A] .
ek ki[A¥][M] — k> [M][A]
diA] = —k{[A*][M k *
el 1[A*][M] + k> [M][A] — k3[A*]  (2)
dpPl
Tl k3[A*]

Usually the steady-state approximation d[A*]/dt ~ 0,
i.e., that the concentration of the intermediate A* re-
mains relatively constant over a suitable portion of the
reaction time, is applied at this point, leading to an
expression for the reaction rate v,

_dIP] kiks[AIM] )
dt ks +kM]
At high pressures of M, k,[M] >> k3 and expression
(3) reduces to the first-order rate expression v =~
(k1ks/ ky)[A], whereas at low pressures k[M] < k3 and
v ~ k{[A][M], the second-order form.

Cellular automata models [9-12] provide an al-
ternative, discrete approach to the traditional differ-
ential rate-equation-based approach outlined above.
These models are based on concepts first suggested
by Ulam [13], von Neumann [14], and Zuse [15,16]
a half century ago, and avoid several of the shortcom-
ings of the traditional approach, such as reliance on ap-
proximations and failure to account for fluctuations in
finite systems. In their underlying mathematical prac-
tice they share some features in common with inte-
grated Monte Carlo procedures [17]. The models treat
physical and chemical systems as discrete in space and
time, and operate under user-defined rules that may
be either deterministic or probabilistic. Cellular au-
tomata models have been applied to the study of a
number of phenomena in physics [10,12,13,18], biol-
ogy [19], and chemistry [12,13,20-26]. These mod-
els represent a mesoscale approach [27] to dynamic
phenomena in the sense that they stand at a level of
detail intermediate between the intimate examination
of single species found, e.g., in a quantum mechanical
treatment, and the broad-brushed continuous treatment
found in the deterministic approach based on the rate
equations.

For the past several years we have been examining
applications of cellular automata models to dynamic

chemical systems [28-30], and we have recently de-
scribed a general stochastic cellular automaton model
for first-order reaction kinetics [31]. The latter model
has served as a basis for simulations of a variety of
phenomena, including molecular excited-state dynam-
ics [32,33] and chemical kinetics [34]. In these cel-
lular automata models the rate constants of the tradi-
tional approach are replaced by transition probabilities,
and because of the probabilistic nature of the transition
rules each simulation run is, in effect, an independent
“experiment.” The natural fluctuations expected in the
behaviors of finite systems emerge in the simulations as
variations observed between different runs. The tradi-
tional deterministic solutions for the phenomena under
consideration appear as limiting cases when very large
numbers of ingredients or large numbers of trials are
employed.

In this report it will be shown that a first-order
cellular automaton model successfully reproduces the
characteristics of the Lindemann mechanism in a di-
rect and informative manner. The model provides an
analysis of the time variations of the populations of
each participating species, and allows an evaluation of
the extent to which the steady-state approximation is
valid.

METHODS

The basic concepts of the cellular automata kinetic
models have been described in detail in earlier reports
[30,31], and only a brief overview of these ideas will be
given here. Simulations take place onann x m = N
cell grid, with N’ of the cells occupied by user-specified
ingredients. In general, these ingredients are free to
move about the grid in random walks, constrained
by user-defined breaking, joining, and gravitational
rules. However, in first-order models movement is ir-
relevant, and all of the grid cells are normally occu-
pied by independently-acting species which may rep-
resent different chemical compounds or different states
of a single compound. In order to visualize the dy-
namic processes the species involved are represented
by different colors. Transitions between the species are
governed by user-defined probabilistic rules. From a
given starting configuration the cellular automata sys-
tems evolve in time-steps (“iterations”) during which
each ingredient is monitored and permitted to trans-
form to another species according to the assigned tran-
sition probabilities. When suitable starting conditions
and transition rules are assigned, patterns of behav-
ior (“emergent properties”) arise during the systems’
evolutions, that can be related to physical or chemical
phenomena.
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A cellular automaton analysis of a collisional pro-
cess would normally require a second—order kinetics
model encompassing both movement and transition
rules [Moore, J. P.; Seybold, P. G.; Kier, L. B.; Cheng,
C.-K. (to be published), Hollingsworth, C. A.; Seybold,
P. G.; Kier, L. B.; Cheng, C.-K. (to be published)],
but the special conditions of the Lindemann mech-
anism allow an attractive simplification and the use
of a first-order kinetics model with only transition
rules in operation. The rates of the first two reac-
tions in mechanism (1), for activation of A to A*
and deactivation of A* back to A, depend in an iden-
tical manner on the concentration of the colliding
species M:

Rate; = k([A][M]
Rate, = kr[A*][M]

Accordingly, it is convenient to introduce the pseudo
first-order rate constants k; = k;[M] and k) = k;[M]
for these processes, so that the above rate expressions
become

Rate; = k{[A]
Rate, = kj[A*]

This measure also defines the effective activa-
tion/deactivation equilibrium constant K = k;/k}, =
k1/k,. (Note that in the cellular automata models the
rate constants k; are expressed as transition probabili-
ties per iteration.)

With the above restatement, mechanism (1) reduces
to a set of first-order reactions

K,
A — A*
k/
A* = A 4)

AT B p
The competition between deactivation of the interme-
diate A* and product formation is then defined by the
ratio & = k5 / k. If the inherent second-order rate con-
stants ki, k», and k3 of the reaction are initially es-
tablished for a particular system, the ratio « is pro-
portional to the pressure [M], since o = (k»/k3)[M].
Thus the effect of varying [M], the key variable in the
Lindemann mechanism, can be simulated by varying
the value of k| (and with it k5 = Kk/) while keeping k3
and the established ratio K = k; / k, constant. As noted
above, in cellular automata models the rate constants of
the traditional deterministic treatment are replaced by
corresponding transition probabilities. Hence in a cel-
lular automaton model, simultaneously reducing the
transition probabilities k| and &} (while keeping their

ratio K = k) / k| constant) corresponds to a reduction
in [M], and increasing these probabilities simulates
an increase in [M]. All of the simulations were car-
ried out on a 100 x 100 = 10,000 cell grid, starting
with all 10,000 ingredients in form A. Initial reaction
rates vinir = d[P]/d¢, were defined in terms of an ap-
propriate early linear portion in a plot of [P] vs time
(t in iterations), and were determined as averages of
three simulations for each condition «. In examin-
ing the simulations it was observed that an induction
period, sometimes brief, preceded the establishment
of linear dependence in all cases. At low values of
[M], when the rates k| = k1[M] and k) = k>[M] were
quite small, this period corresponded to the time re-
quired for establishment of a steady-state condition.
At high [M], where both k| and k) were large, this
period corresponded to the relatively brief time (a
few iterations) required for establishment of the pseu-
doequilibrium between species A and A*. The extent
of the induction periods was longest under interme-
diate conditions, where it could encompass 200-300
iterations.

RESULTS AND DISCUSSION

In order to examine the effect of the pseudo-equilibrium
constant K on the results, two sets of runs were car-
ried out, the first with K = 0.5 and the second with
K =0.2. In all cases the first-order A* product for-
mation probability k3 was held at 0.01/iteration. This
allowed both of the extremes k) >> k3 and k) < k3 to
be examined. All runs started with all 10,000 cells in the
A state. The k) values were systematically varied from
0.99 t0 0.00001 in separate runs. (Note that in the high-
est [M] case the choice k), = 1.00 would have required
ks = 0.0, so that no product would be produced. Hence
k’, was assigned as 0.99 to accommodate k3 = 0.01.)
The parameter values tested are shown in Table 1.

Case I: K = 0.5

An illustration of the early simulation period for the
case k| = 0.0005 and k), = 0.001, showing the induc-
tion period and the establishment of the linear initial
rate period, is given in Fig. 1. The rate data for the dif-
ferent parameter values are summarized in Table I. The
results show that the initial linear product production
rates v = d[P]/d¢ remain reasonably steady so long as
k}, > ~10ks, but those beyond that point fall steadily as
k} is decreased. The uncertainties in the initial rates cor-
respond to standard deviations obtained from three trial
runs. (Note that these uncertainties would be greater
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Table I Transition Probabilities and Resulting Initial Reaction Rates d[P]/dt. In All Cases k3 = 0.01. The Uncertainties

Were Obtained from Three Trials

K=05 K =02
K K, d[P)/dt K K, d[P)/dr
0.5 0.99 28.83+0.11 0.2 0.99 15.29 £ 0.05
0.25 0.5 28.74 +0.07 0.1 0.5 14.71 £0.04
0.05 0.1 26.41 £ 0.06 0.02 0.1 14.81 + 0.031
0.01 0.02 21.69 + 0.09 0.002 0.01 8.003 % 0.007
0.005 0.01 16.55 £ 0.06 0.0002 0.001 1.725 £ 0.001
0.0005 0.001 3.953 = 0.008 0.00004 0.0002 0.4076 % 0.0003
0.0001 0.0002 0.9105 + 0.0004 0.00002 0.0001 0.1909 % 0.0000
0.00005 0.0001 0.4523 + 0.0001 0.000002 0.00001 0.0201 % 0.0000
0.000005 0.00001 0.0479 % 0.0000 - - -

if fewer cells, e.g., N’ = 1000, were employed in the
simulations.)

A plot of the variations in the populations of the
species A, A*, and P for the intermediate case k| =
0.005, k&, = 0.01, and k3 = 0.01 is shown in Fig. 2. It
is apparent that the concentration of the intermediate
A* first rises to a peak, and then falls off steadily
as the simulation progresses. We note that this re-
sult is in contrast to the customary steady-state as-
sumption that the intermediate concentration should
be relatively constant as the reaction proceeds. (Forst
[35] has noted that generally the steady-state solu-
tion works well under “coarse” time resolution, but
not under “fine” time resolution.) This plot is typi-

cal of the overall shapes of the population changes
for different cases, although the timeframe for the ob-
served variations became substantially longer as the
rates k| and k) were decreased to simulate a decrease
in [M].

The data in Table I allow us to plot the variations
in the initial rates (d[P]/d¢) against the implied values
of [M] obtained from the &/, values. This plot is shown
in logarithmic form in Fig. 3, and is seen to resemble
typical experimental plots for such reactions (e.g., the
thermal isomerization of methyl isocyanide [36] or the
thermal isomerization of cyclopropane [37]). An initial
linear dependence on [M] at low [M] converts to a later
portion of the curve at high [M] in which the initial
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Figure 1 Early formation of product P for the case K = 0.5, k| = 0.00005, and k} = 0.0001.
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Figure 2 Plot of the variations in the species concentrations for the case K = 0.5, ké = 0.01, and k? = 0.005.

rate is independent of [M]; these portions of the curve
correspond to a traditional second-order dependence
and an apparent first-order (unimolecular) dependence,
respectively.

For large [M] k), >> k3, deactivation of A* to A dom-
inates over decay to products, and a preequilibrium
condition prevails. When [M] is small k) can be ne-
glected compared to k3, and expressions (4) reduce to
the sequential steps A — A* — P.

Case II: K = 0.2

The results for the simulations carried out with K = 0.2
were qualitatively quite similar to those for K = 0.5.
As above, k3 was held constant at 0.01 for all the sim-
ulations. The early stages of the simulation for k| =
0.00002 and ké = 0.0001 is illustrated in Fig. 4, and
shows the induction period and start of the linear de-
pendence for this case. The initial linear rates of buildup
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Figure 3 Plot of the initial reaction rates d[P]/d¢ vs o (where « is proportional to the concentration of the collision partner

species M) for the case K = 0.5.
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Figure 4 Early formation of product P for the case K = 0.2, k&{ = 0.00002, and k} = 0.0001.

of P for all the cases examined are given in Table . The
variations in the concentrations of A, A*, and P for the
case k; = 0.005, k, = 0.01 are shown in Fig. 5. A plot
of these rates vs « is shown in Fig. 6. As before, this
latter curve shows the transition from typical second-
order kinetic behavior at low [M] (low «) to apparent
first-order kinetic behavior at high [M] (high «).
Asin the K = 0.5 case, the concentration of the in-
termediate A* is seen to first rise, then fall steadily, in

contrast to the roughly constant value for [A*] assumed
in the steady-state approximation of deterministic ki-
netic theory. Apparently the deterministic solution is
sufficiently insensitive to the variations in [A*] to allow
a fairly accurate picture of the mechanism to emerge
despite the inaccuracy of the steady-state assumption.
In any case, the cellular automata models require no
such assumption and portray the variations in concen-
tration directly as they occur in the mechanism.
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Figure 5 Plot of the variations in the species concentrations for the case K = 0.2, k; = 0.005, and k/2 = 0.01.



236 HOLLINGSWORTH ET AL.

° o o
-3
°
-
g ]
&
=
s .
50
i
.
-5 A1
.
'6 T T T
-4 -2 0 2

log;o

Figure 6 Plot of the logarithms of the initial reaction rates d[P]/dt vs o (where « is proportional to the concentration of the

collision partner species M) for the case K = 0.2.

CONCLUSIONS

It has been demonstrated that a first-order cellular au-
tomaton model provides an insightful and accurate por-
trayal of the classic Lindemann mechanism. The sim-
ulations display the transition from second-order to
apparent first-order kinetic behavior that occurs when
the effective concentration of an inert collision part-
ner species M is increased from a very low value to a
high value, thereby affecting the relative rates of the
deactivation and product-forming reactions for the in-
termediate species A*. It is seen that at low [M] the
reaction A — P proceeds as a typical two-step pro-
cess A — A* — P, with the first step as the rate-
limiting step. At high [M] the process has the form
of a pre-equilibrium A < A* subject to a leakage re-
action A* — P [8]. The model is rule-based and the
observed behaviors emerge in a natural way without
resort to assumptions about the behavior of the in-
termediate species A* or other approximations. The
results show that the customary deterministic steady-
state approximation that [A*] & constant does not hold
up well in the present application. Finally, informa-
tion on the fluctuations in the species behaviors ex-
pected for finite samples can be obtained from repeated
simulations.

The authors thank Dr. David Dolson for helpful discussions
related to this topic.
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