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Summary. The random transition model of the cell
cycle has received much attention in recent years in
attempts to describe and explain variations in cell cycle
times.

In this review we suggest statistical procedures for
fitting the model to experimental data in place of the
invalid techniques currently used. However, we also
argue that there have been misconceptions about
criteria for quality of fit of the model, and consequent
biological interpretations. Other models fit just as well,
and the analyses we describe do not provide evidence
for any particular biological mechanism.

1. Introduction

The concept of a random transition in the cell cycle
was suggested [54] to explain variations in cell cycle
lengths. It has been used to make inferences about
cell cycle length distributions [54] and sibling cell
cycle length correlations [33, 47] and to explain the
mechanism by which cells alter the lengths of their
cycles under different conditions [46, 49]. Such
inferences are based upon a mathematical model, the
random transition model (RTM). This paper is a
critical review of the use of this model.

By way of introduction it is pertinent to examine
briefly the philosophy and purpose of mathematical
modelling of biological processes. Four levels of
sophistication and complexity can be distinguished, in
increasing order of formality:

1) A model may be used for purely descriptive
purposes. For example, it is a convenient summary of
a set of data if one can say that it is approximately
normally distributed with a certain mean and vari-
ance. No further use of the model will be made
beyond this summary description.
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2) At a slightly more complex level, a model may
have explanatory uses: statements about the shape of
a distribution or the value of a parameter may be
interpretable in a biological context.

3) More formally, a model may be used in an
inferential manner. To evaluate an unknown constant
on the basis of observed measurements, an estimate
of the corresponding parameters of a suitable model
is constructed. The choice of the model will in general
change the estimate. Hence this choice is an impor-
tant preliminary to the analysis and its assumption is
part of any conclusion.

4) Finally a model may arise naturally from
hypotheses concerning underlying biological mecha-
nisms. Properties of the model, estimation of param-
eters, and statistical testing of hypotheses are now
directly interpretable in a biological sense.

The first three categories are basically concerned
with statistical analysis and representation of data. As
such they contribute to making the transition from
numerical results to scientific hypotheses. Category
4) models allow predictions concerning the properties
of biological processes to be made and suggest where
experiments can help to distinguish between different
hypotheses. Hence they can make direct contribu-
tions to biological theory.

When discussing the success of a given model, it is
important to keep in mind the level of formality
which is to be understood. Most authors use the RTM
in the sense of category 4), and make corresponding
biological interpretations. They fail to realise that
successful fitting of the RTM to empirical data in the
descriptive sense does not guarantee that the original
concept of a random transition is accurate.

Use of the RTM in this most formal sense
depends upon the validity of the original biological
hypotheses. Although some authors have reported
controlling events which may correspond to a random
transition [39, 6, 2, 51], it has not yet been firmly
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correlated with an identifiable process. Indeed some
authors have suggested that a series of events rather
than a single event controls progression through the
G1 phase [40]. Experimental evidence concerning the
nature of the G1 phase has been discussed at length
elsewhere [3, 4, 42].

We shall concentrate here on the testing of the
RTM against data and the means by which valid and
invalid conclusions (Section 3) have been drawn and
biological interpretations (Section 4) made. Finally
we give our conclusions concerning the value of the
RTM and discuss other possible models.

2. Description of the Random Transition Concept
and the RTM

The concept of a random transition in the cell cycle
was first suggested by Burns and Tannock [10], and
subsequently developed by Smith and Martin [54].
Following their terminology, a cell can exist in two
states A and B. In the A state a cell is not progressing
towards division, being ‘in limbo’. When a cell is in
the B state the normal proliferative events, such as
DNA synthesis and mitosis, occur. Transition from
the A to the B state involves the operation of a
random switch, which has a constant probability per
unit time of being activated, independently of the
time a cell has already spent in the A state. The length
of the B state is approximately constant, having a
relatively small variance.

The possible positioning of the A and B states
with respect to the conventional G1, S, G2, and M
cycle phases are shown in Fig. 1. In all cases the A
state is placed in G1 to account for the relatively large
variability reported in the length of this phase [54].
This large variability has recently been challenged
[22] in a report that the lengths of S, G2, and M can
be as variable as the length of G1. Figure 1 also shows
three possible positions for the ‘non-random’ part of
G1 (or Glp). These possibilities were discussed by
Smith and Martin [55], who concluded that it was
most probably before the A state [case (i)].

From these hypotheses concerning the cell cycle
we can derive the RTM in a mathematical form. The
length of the cell cycle T, comprises the sum of two
random variables T, and Ty. T4 has an exponential
distribution with parameter K. Ty has a distribution
with mean x4 and variance ¢?, where 0% is ‘small
compared with’ 1/K?. The transition probability P,
which is quoted by most authors, is then the
probability of a transition from A to B in unit time,
given that a cell is initially in the A state,

P=1-¢%,
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Fig. 1. Possible schemes for the location of the A and B states
within the conventional cell cycle [54]

The following observations concerning the RTM
should be noted.

1) The distribution of T and the size of the
variance ¢ are not fully defined. Testing the model
with empirical data requires further assumptions.

2) Observed variations in the length of Gl
between cell populations may be due to variations in
the length of G1; as well as in T,. This illustrates the
important distinction between variations in T¢
between cells in a homogeneous population under
given growth conditions and between cells in different
populations or subject to different growth conditions.
An explanation of the latter does not require a
‘random’ event or switch, but merely an event with a
mean length sensitive to conditions in the cell.

3) The position of the A state and measurement of
T, can only be made indirectly from the analysis of
T¢. This makes identification and analysis of the A
state difficult.

4) Other models can predict the same type of
distribution for T.. Obvious examples are the
multi-type Markov models [57, 44]. In these the cell
cycle is assumed to consist of a sequence of events (or
subphases), whose lengths each have an exponential
distribution. One only needs to assume that one event
has a much lower exponential parameter than the
others to imply a T, distribution similar to that
obtained in the RTM. Here the exponential distri-
bution is chosen for mathematical convenience rather
than for mechanistic reasons and the biological
interpretation of such models is very different from
the idea of an ‘in limbo’ state which controls the
population growth and is situated in G1.
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Together these four points imply that great care is
required when conclusions are drawn from the
analyses of empirical distributions of cell cycle
lengths.

3. Testing of the RTM

The experimental data used to test the model are cell
cycle times obtained by time-lapse microcinemato-
graphy of cells growing in vitro. The theoretical
distribution of T, applies to the idealised situation of
a homogeneous population of cells with independent
cell cycle times under constant growth conditions. To
make mechanistic interpretations of the RTM it is
therefore important that the data have been obtained
from cells in stable log-phase growth and with a cell
line which has a low spontaneous mutation rate (i.e.,
with a population as homogeneous as possible).
Two different types of observations have been
used to test the RTM. These are firstly the empirical
cycle times of the whole population and secondly the
differences in cycle times of sibling (sister) cells.

3.1. Fitting the RTM to Cycle Time Distribution. The
usual starting point in fitting the RTM to data has
been the so-called a-curve, a plot of the logarithm of
the proportion of cycle times in the sample exceeding
t against time t. This accords with the standard
practice of graphing results so that the null hypothesis
predicts a particularly simple form of curve: if T is
constant and T, exponentially distributed with rate
K, the theoretical a-curve is horizontal until t = T
and thereafter decreases linearly with slope —K.

Among several drawbacks is one of definition:
how precisely is the a-curve to be defined for a finite
set of observed cycle times, possibly grouped or
ungrouped, bearing in mind of course that zero
cannot be plotted on a logarithmic scale? Use of
a-curves may also be positively misleading, in
suggesting that fitting a distribution is analogous to
fitting a curve — a regression problem. Misinterpre-
tation of the question in this way can have grave
consequences when the plotted points are intrinsi-
cally highly correlated and have differing importances
in conclusions for or against the model.

Fitting a straight line to the a-curve by eye to
estimate parameters is indeed certainly incorrect and
without foundation. Further, of course, any attempt
to read off values of T by extrapolating back along
lines of slope —K from the data points is wrong.

Use of such ad hoc methods is quite unnecessary
when standard statistical procedures are available.
Here we would advocate parameter estimation by

application of the established principle of maximum
likelihood. Fitting a model to data is vacuous unless
the quality of the resulting fit is assessed: for example
the »* goodness of fit test may be used. These
procedures are quite standard [16] but we cannot find
any mention of their use, or of any other reliable
technique, in the literature on the RTM.

Any inference about the RTM is impossible until
that model is fully specified. We need to know the
form of the distribution of T, and even then can only
proceed on some assumption, such as that T, and Ty
are independent random variables. We will make this
assumption as it cannot be refuted on the basis of
complete cell cycle time data alone.

The philosophy of the RTM is clearly most
strongly supported if T is a constant. It is acknowl-
edged [54], however, that empirical a-curves, with
their rounded ‘shoulders’ differ sufficiently from the
ideal ‘dog-leg’ shape for this assumption to be
untenable. Perhaps the natural second candidate for
Ty is a normally distributed random variable with
mean u and small variance o2

We have fitted the resulting three-parameter (K,
U, 0) RTM to several data sets, including three used
by Smith and Martin. The method of maximum
likelihood does not provide explicit formulae for
estimates except in certain simple situations. Gener-
ally, the maximisation must be performed numeri-
cally, either by a short special-purpose program or by
means of a package.We used the package MLP [45],
applied to the data grouped as published in the
sources cited in Table 1. Further details of the
computations may be obtained from the authors. The
estimates obtained by Smith and Martin differ
markedly from ours: part of their discrepancy is due
to a transcription error concerning the labelling of the
intervals into which the data are grouped, part to use
of an invalid inferential method. Note also (see
Table 1) that our resulting fitted mean (u + 1/K) and
standard deviation [(0® + 1/K?)?] are close to the
sample mean and standard deviation.

The x* goodness of fit tests carried out on these
data sets, with results summarised in Table 1, show
that generally the data are consistent with this version
of the RTM. (It is important to recall that in all
statistical tests of significance, there is asymmetry
between ‘accepting’ and ‘rejecting’ the null hypoth-
esis: a set of data may be consistent with several
contradictory hypotheses, so that ‘a good fit’ does not
imply the model is correct.) Other authors have
demonstrated comparable quality of fit to other
models [17, 27, 37, 11]. In one respect, however, our
estimates do challenge the RTM: they show that
there is comparable variability in the two phases of
the cell cycle. We should perhaps question whether



Table 1. Parameter estimates and goodness of fit for RTM with normaily distributed Tz

Data® Sample Fitted Estimates? Goodness of fit
Size Mean SD Mean SD K u G VK P df. P
Dawson et al. [13] 166 13.21 2.04 1322 2.04 0.652 11.69 135 153 11.16 11 0.43
11.17¢  1.95%  0.60*  9.5* 10*  1.67*
190° 14.23° 3.58°  14.24° 3.31°  0.323¢ 11.15° 1.19°  3.09° 2337 176 0.14°
Marin et al. [31] 94 17.61 3.33 17.63 321 0322 1452 083 3.11 750 6  0.28
16.59*  271*  0.39*  14.0* 0.8*  2.59*
Killander et al. [26] 218 1933 278 1935  2.83 0.460 1722 186  2.13 776 3 0.051
17.80*  3.05*  0.36* 15.0* 12*  2.80*
2394 — - 20469 4354 02459 16379 1.499  4.084 16.799 44 0.0024
Froese data set 3 [17] 83 17.18 6.49 1722 6.67 0224 1275 496 447 1731 11 0.09
Hurwitz et al. {24]
2nd gen. 320 18.38 2.62 1837 237 0.437 16.08 059  2.29 1333 3 0.004
3rd gen. 132 17.64 1.59 17.63  1.50 1111 1673 120 0.90 002 1  0.89
Drewinko et al. [14] 328 3451 11.44 34.57 1141 0.107 2525 657  9.33 1552 10 011
Nelson {38] 1228 — - 10.60°  2.60°  0.437°  831° 123°  2.29° 15.56° 5 0.008¢
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Fig. 2. a Alpha curves: points, data in reference [13}; solid line,
fitted curve for the RTM with normally distributed Tg; broken line,
fitted curve for the RTM with constant Tg; b a more informative
display of the same data and fitted models

All estimates are by maximum likelihood, except those marked *, from Smith and Martin [54]

Where data values are not tabulated in refercnces, they have been read off as accurately as possible from histograms, etc.
Including film G, believed to be affected by spontaneous mutations

Including 21 non-dividing cells (i.e. those not dividing during the period of observation)

o?=var(Tz) is too large compared with
K% = var(T,) to support the RTM.

It is useful to compare the empirical and fitted
theoretical distributions graphically. The usual
method, that used by Smith and Martin [54], is to
superimpose the fitted a-curve onto a plot of the data
(some of the data points are omitted in [54]). Because
of the correlations we mentioned earlier, cumulative
distributions always ‘look’ quite smooth: a more
objective and standard basis for graphical comparison
is a plot of the probability density function of the
fitted distribution superimposed on a histogram of the
data. These two types of graphs are illustrated for the
same data sets in Fig. 2. The second plot displays the
discrepancies between model and data and also
demonstrates that, contrary to some claims, the
distributions are only slightly skewed in some cases.
The idealised RTM of a constant 7 and exponential
T, would of course produce a distribution with no
left-hand tail at all.

3.2. Sibling Cell Cycle Times. We have so far only
considered cell cycle times singly — that is in terms of
univariate distributions — and have implicitly
assumed cycle times of different cells to be indepen-
dent. In fact, however, there is strong evidence for
positive correlation between cycle times for sibling
cells [41, 13, 26, 5, 23]. This requires us to postulate
dependence between sibling cell cycle times, either
between the Ty’s or between the random tramsition
switches, or both. However this is done, it constitutes
an assumption additional to the original model.
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The popular view of this dependency is the
extreme one that the Tp’s are so strongly correlated
that they are identical, while the random transitions
remain independent [33]. We then obtain the fol-
lowing representation for sibling times 7, T;:

T1= TA1+ TB
T2= TA2+ TB

where T4, T4y, Tp are independent random variables
and T, and T,, each have an exponential distribution
with rate K. If var(T;) = o?, we obtain quite
simply
) o
Correlation (T, T5) = 7%=

which is positive provided that ¢® is non-zero. We
note that this expression is equal to the proportion of
the variance in cell cycle times attributable to the B
phase of the cycle, so that, perhaps ironically,
evidence for strong correlation is evidence denying
that the A phase accounts for most of the variability in
cell cycle times.

If the RTM augmented in this way is correct,
analysis of the A phase is greatly facilitated, for of
course

I'-T,=TyH—Ts,

whose distribution involves only the transition rate K
and not the troublesome B phase. As shown by
Shields [47], the absolute difference | T,—T, | in
sibling cell cycle times is also exponentially distri-
buted with the same parameter K. Thus, given the
extra assumptions above, analysis of these differences
is indeed an effective way to estimate K. What
proponents of this practice do not apparently realise,
however, is that the differences in sibling cycle times
themselves offer no means of checking that the extra
assumptions are reasonable. In particular, it has been
shown [20, 43] that large classes of models for cell
cycle times other than the RTM give an exponential
distribution for | T\—T, | .

It is usual to deal with empirical sibling cell cycle
time differences with the aid of the so-called S-curve,
i.e., the tail of the distribution on a logarithmic scale,
exactly analogous to the a-curve [47]. This procedure
suffers from the same drawbacks as does the use of
a-curves (see Section 3.1). It is argued [47] that
p-curves are more sensitive than a-curves at discrim-
inating between models and for estimating K. As
remarked above, the first claim is false but the second
is probably true, given the additional assumptions. It
has, however, been demonstrated [56, 11] that
approximately exponential S-curves may be obtained

from models other than the RTM, indicating once
more that a good fit does not imply a model is
correct.

Methods of analysis involving the full bivariate
distribution of (7;, T,) seem to be needed: a
likelihood approach may still be used and the data
offer the opportunity of examining the extra assump-
tions made above. Some of the arguments of Shields
[47] are correct, as his use of the conditional
distribution of | T;—7, | given min (T}, T,) is essen-
tially equivalent to use of the joint distribution of
(Tla TZ)

Other forms of dependence between T; and 7,
could be postulated — the 7T%’s may be highly
correlated rather than identical, or the random
switches may be ‘linked’. The exact model that is
relevant depends on the origin of measurement of T}
and T, in the cell cycle.

4. Biological Interpretations of the RTM

Based on the analyses of a- and §-curves, the random
transition concept of the cell cycle has been used to
explain the existence of quiescent phases [49] and the
effect of ageing on cell cycle times [53]. Even if we
supported the methods of analysis used, there are
several objections to these interpretations of the
RTM.

4.1. Quiescence and Control of Growth Rate. Since
the term ‘GO phase’ was introduced to describe the
status of cells which were apparently blocked in what
would otherwise be considered the G1 phase of their
cycle [28], there has been much controversy over its
real nature. Some authors claim that it is just a very
long G1 and others that it is a different type of phase
(for review see [3, 19]).

It has been claimed [49] that the GO phase was
really an A state which had a low exponential
parameter. Thus all cells in the population were able
to cycle and there were no distinct proliferating and
non-proliferating subpopulations. The value of K
would determine, and it is claimed control, the rate of
growth of the population. While it is clear that when
cell populations grow slowly the value of K obtained
from the a-curve may well be reduced, this is not
proof that the value of K is the factor which actually
causes the slow growth, rather than an indirect
effect.

Another problem with the interpretation of GO as
a long A state is in the behaviour of cells which are
stimulated out of quiescence. It has been shown
[6—8] that such cells enter the S phase with first-order
kinetics, but only after a lag period, and that the
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length of this lag is independent of serum concen-
tration but dependent on protein synthesis. It has also
been demonstrated [50] that the length of the lag is
dependent on cell size at the time of stimulation.

The only interpretation of this lag period consis-
tent with the GO phase being an A state is that some
time is required for change in the value of K, at the
end of which the change occurs abruptly. This seems
unlikely and also tends to contradict the idea of the A
state being a limbo in which nothing occurs. It was to
overcome this problem that the two-random-transi-
tion concept of the cell cycle was suggested [9]: this
will be discussed later.

4.2. Ageing of Cells. Grove and Cristofalo [21]
analysed cell cycle times of ageing WI-38 cell cultures
with reference to the RTM. They concluded that the
a-curve showed a lengthening of T and did not
possess the conventional asymptotic straight line
portion. Smith [53] reanalysed the data in a different
way and claimed it was consistent with the RTM.
Since then other contradictory papers have been
published [32, 48, 52].

There are severe problems in making inferences
concerning the mechanism of ageing from such data.
Skehan and Friedman [52] discussed problems of
pooling data from generations with changing growth
behaviour. Basically, the assumption of a homoge-
neous population under constant growth conditions is
no longer valid [15]. It is therefore not meaningful to
make interpretations concerning the mechanisms of
ageing in individual cells using a model such as the
RTM.

5. Conclusions and Other Possible Models

The use of the RTM has been based upon incorrect
statistical analysis and an incompletely defined mod-
el. When we performed a statistical analysis properly
with specific well-defined models we found that:

(1) a model in which T = constant did not fit the
empirical data;

(2) a model in which T; was normally distributed
fitted the data adequately but the variance of Tz was
of a similar order to the variance of T,;

(3) several other distributions also fitted the
data.

Hence the RTM with a suitable distribution for T
can provide an adequate description of the empirical

data. The observation that the variance of Tz may be .

of a similar size to that of T, is not a direct
contradiction of the model, as no precise assumption
is made. It is against the spirit of the model, however,
and care must be taken in making interpretations

which are based upon the assumed invariability of
TB.

The only inferences which can be made from the
RTM concern the lengths of the A and B states.
Other models (e.g., [1, 57]) allow estimation of the
lengths of individual G1, S, G2, and M cycle phases.
Hence, until an A state is actually identified other
models may provide better tools for inferential
purposes.

The use of the RTM in making biological
interpretations is also subject to uncertainties. It does
not seem to be adequate to explain the behaviour of
cells stimulated out of quiescence and cannot be
applied with confidence to interpret the changes in
cycle parameters during ageing. It is therefore
necessary to consider other concepts of the cell cycle
and models which might be more appropriate for such
purposes.

Most other concepts of the cell cycle have defined

a sequence of states or phases which constitute the
observed cycle. Depending on the assumptions
concerning the distributions of the lengths of such
phases and the correlations between individual
phases, several different mathematical models have
been suggested [57, 1, 25, 30]. Most of them are based
on the definition of the four conventional phases G1,
S, G2, and M. Quiescence and the behaviour of
slowly proliferating cells have been considered by
introducing additional phases which the cell may
enter (or leave) in a manner depending on the
population size or environmental conditions (e.g.,
44)).
[ ]In recent years an alternative concept of the cell
cycle has been proposed. This involves two parallel
sequences of events: the DNA-division or chromo-
some cycle (CC) and the growth cycle (GC) [34-36,
29, 12]. Events in the CC include DNA replication
and mitosis. These are under strict genetic control.
Events in the GC are related to cytoplasmic growth
and protein synthesis. Hence the length of the CC is
determined mainly by genetic factors and the length
of the GC by growth conditions. Normally the entry
to the S phase is identified as the point where the two
cycles must synchronise and restart together. Other
interactions between the cycles are assumed to be less
rigid.

: This suggests that a more natural origin for the
cell cycle is the beginning of the S phase (Fig. 3) and
that the inter-S time is the maximum of the lengths of
the CC and the GC. A G1 phase would then only be
observed if the GC was longer than the CC [29]. This
concept explains the relative variability in the length
of G1 under different growth conditions, the simi-
larity in size of cells entering the S period, and the
correlation in sibling cycle lengths.
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The extension of the RTM as suggested by
Brooks et al. [9] can be formulated within this
concept (Fig. 3). The CC is the original B state and is
assumed constant. The GC is made up of three
subphases: the original A state plus a constant lag
phase L, plus another state (, which has an
exponential distribution. The length of the lag phase
T, is assumed in general to be greater than that of Ty
and hence the GC is longer than the CC.

The intermitotic time in a cell is equal to the
length of its CC plus the difference between the
lengths of the GC and CC which started in its mother
(see Fig. 3). Under suitable conditions on the
exponential parameters K, K, and the lag parameter
T,, a- and B-curves corresponding to the original
RTM can be predicted. In this case, however, we also
have a possible mechanism for sibling cell correla-
tions and for the existence of a lag after stimulation
out of quiescence. All three parameters, K, K, and
T;, can affect the length of the cell cycle, suggesting
three possible control mechanisms.

This model has not yet been applied as widely as
the RTM. However, it does seem to provide more
possibilities for biological interpretation and, as a
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Fig. 3. Comparison of new cell cycle schemes with the conventional
model

special case of the more general CC/GC concept, a
convergence of opinion concerning the nature of the
cell cycle. It is to be hoped that the statistical analysis
of data by means of this and other new models will be
based upon the standard methods which we have
discussed here.

Acknowledgements. This work was performed while the second
author was visiting Heidelberg. He is grateful for the hospitality he
received there, and the financial support of Sonderforschungsbe-
reich 123.

References

1. Barrett JC (1966) A mathematical model of the mitotic cycle
and its application to the interpretation of percentage labelled
mitoses data. J Natl Cancer Inst 37:443

2. Baserga R (1970) Control of DNA synthesis in mammalian
cells. Miami Winter Symposia 2: 447

3. Baserga R (1976) Multiplication and division in mammalian
cells. Marcel Dekker, New York, p 175

4. Baserga R (1978) Resting cells and the G1 phase of the cell
cycle. J Cell Physiol 95: 377

5. Blair OC, Roti Roti JL (1979) Correlation of G1 transit time of
sister cells synchronised by mitotic selection. Exp Cell Res
124: 433

6. Brooks RF (1975) The kinetics of serum-induced initiation of
DNA synthesis in BHK 21/C13 cells and the influence of
exogenous adenosine. J Cell Physiol 86: 369

7. Brooks RF (1976) Regulation of the fibroblast cell cycle by
serum. Nature 260: 248

8. Brooks RF (1977) Continuous protein synthesis is required to
maintain the probability of entry into S phase. Cell
12:311

9. Brooks RF, Bennett DC, Smith JA (1980) Mammalian cell
cycles need two random transitions. Cell 19:493

10. Burns FJ, Tannock IF (1970) On the existence of a GO-phase in
the cell cycle. Cell Tissue Kinet 3:321

11. Castor LN (1980) A G1 rate model accounts for cell-cycle
kinetics -attributed to ‘transition probability’. Nature
287:857

12. Cooper S (1979) A unifying model for the G1 period in
prokaryotes and eukaryotes. Nature 280: 17

13. Dawson KB, Madoc-Jones H, Field EO (1965) Variations in
the generation times of a strain of rat sarcoma cells in culture.
Exp Cell Res 38:75

14. Drewinko, B, Bobo B, Roper PR, Malahy MA, Barlogie B,
Jansson B (1978) Analysis of the growth kinetics of a human
lymphoma cell line. Cell Tissue Kinet 11:177

15. Evans CH (1979) Is the A (GO) state time-independent? J
Theor Biol 79: 259

16. Fisher RA (1934) Statistical methods for research workers.
Oliver & Boyd, Edinburgh

17. Froese G (1964) The distribution and interdependence of
generation times of HeLa cells. Exp Cell Res 35: 445

18. Froese G (1966) Radiation delay in HeLa and Chinese hamster
cells: a time lapse study. Int J Radiat Biol 10: 353

19. Gelfant S (1977) A new concept of tissue and tumour cell
proliferation. Cancer Res 37: 3845

20. Green PJ (1980) A ‘random transition’ in the cell cycle? Nature
285:116



18

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31

32.

33.

34.

35.

36.

37.

38.

S. Nelson and P.J. Green: The Random Transition Model of the Cell Cycle

Grove GL, Cristofalo VJ (1976) The ‘transition probability
model’ and the regulation of proliferation of human diploid
cell cultures during aging. Cell Tissue Kinet 9:395
Guignet M, Collyn-d’Hooghe M, Valleron AJ (1980) S, G2
and M phase durations are relatively as variable as Gl
duration. Cell Tissue Kinet 13: 689

Hemon D, Collyn-d’'Hooghe M, Valleron AJ, Malaise EP
(1978) Statistical methods for the estimation and analysis of
correlations between characteristics of cells observed using
time-lapse microcinematography: In: Valleron AJ, Macdonald
PDM (eds) Biomathematics and cell kinetics. Elsevier/North
Holland Biomedical Press, Amsterdam, p 43

Hurwitz C, Tolmach L] (1969) Time lapse cinemicrographic
studies of X-irradiated HeLa cells. I. cell progression and cell
disintegration. Biophys J 9: 607

Jagers P (1975) Branching processes with biological applica-
tions. Wiley, New York

Killander D, Zetterberg A (1965) Quantitative cytochemical
studies on interphase growth. I. Determination of DNA, RNA
and mass content of age determined mouse fibroblasts in vitro
and of intercellular variations in generation time. Exp Cell Res
38:272

Kubitschek HE (1971) The distribution of cell generation
times. Cell Tissue Kinet 4: 113

Lathja LG (1963) On the concept of the cell cycle. J Cell Comp
Physiol [Suppl 1] 62:143

Liskay RM, Prescott DM (1978) Genetic analysis of the cell
life cycle. In: Dirksen ER, Prescott DM, Fox CF (eds) Cell
reproduction. Academic Press, New York, p 115
Macdonald PDM (1978) Age distributions in the general cell
kinetic model. In: Valleron AJ, Macdonald PDM (eds)
Biomathematics and cell kinetics. Elsevier/North Holland
Biomedical Press, Amsterdam, p 3

Marin G, Bender MA (1966) Radiation-induced mammalian
cell death: Lapse-time cinemicrographic observations. Exp
Cell Res 43:413

Mets T, Verdonk G (1978) The theory of transition probability
and the division pattern of WI-38 cells. Cell Biol Int Rep
2:561

Minor PD, Smith JA (1974) Explanation of the degree of
correlation of sibling generation times in mammalian cells.
Nature 248: 241

Mitchison JM (1971) The biology of the cell cycle. Cambridge
University Press, London

Mitchison JM (1974) Sequences, pathways and timers in the
cell cycle. In: Padilla GM, Cameron IL, Zimmerman A (eds)
Cell cycle controls. Academic Press, New York, p 125
Mitchison JM (1978) Relation between growth and division
during the cell cycle. In: Dirksen ER, Prescott DM, Fox CF
(eds) Cell reproduction. Academic Press, New York, p 93
Morris VB, Cowan R, Culpin D (1979) Variability of cell cycle
times measured in vivo in embryonic chick retina by
continuous labelling with BUdr. Nature 280: 68

Nelson WJ (1978) The effect of low doses of ionizing radiations
on BHK21/C13 fibroblasts: an observed correlation between
chromosome damage and abnormal colony formation. PhD
Thesis, University of London

39

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

52.

53.

54.

55.

56.

57.

Pardee AB (1974) A restriction point for control of normal
animal cell proliferation. Proc Natl Acad Sci USA
71:1286

Pledger WJ, Stiles CD, Antoniades HN, Scher CD (1978) An
ordered sequence of events is required before BALB/C-3T3
cells become committed to DNA synthesis. Proc Natl Acad Sci
USA 75:2839

Powell EO (1955) Some features of the generation times of
individual bacteria. Biometrika 42: 16

Prescott DM (1976) Reproduction of eukaryotic cells. Aca-
demic Press, New York

Rigney DR (to be published) Multiple-transition cell cycle
models may exhibit “transition probability” kinetics. Cell
Tissue Kinet

Rittgen W, Tautu P (1976) Branching models for the cell cycle.
In: Berger J, Biihler W, Pepges R, Tautu P (eds) Mathe-
matical models in medicine. Springer, Heidelberg, p 109
Ross GJS (1980) Maximum likelihood program (MLP man-
ual). Rothamsted Experimental Station, Harpenden, UK
Shields R (1977) Transition probability and the origin of
variation in the cell cycle. Nature 267: 704

Shields R (1978) Further evidence for a random transition in
the cell cycle. Nature 273: 755

Shields R (1979) Transition probability and the division
pattern of WI-38 cells. Cell Biol Int Rep 3: 659

Shields R, Smith JA (1977) Cells regulate their proliferation
through alteration in transition probability. J Cell Physiol
91:345

Shields R, Brooks RF, Riddle PN, Capellaro DF, Delia D
(1978) Cell size, cell cycle and transition probability in mouse
fibroblasts. Cell 15: 469

. Shilo B, Shilo V, Simchen G (1976) Cell cycle initiation in

yeast follows first order kinetics. Nature 364: 767

Skehan P, Friedman SJ (1979) Cellular senescence and the
analysis of generation time distributions. Cell Biol Int Rep
3:535

Smith JA (1977) Application of the theory of transition
probability in “ageing” WI-38 cells; similar behaviour of
clonogenic cells from early and late passage cultures. Cell Biol
Int Rep 1:283

Smith JA, Martin L (1973) Do cells cycle? Proc Natl Acad Sci
USA 70:1263

Smith JA, Martin L (1974) Regulation of cell proliferation. In:
Padilla GM, Cameron IL, Zimmerman A (eds) Cell cycle
controls. Academic Press, New York, p 43

Svetina S, Zeks B (1978) Transition probability models of the
cell cycle exhibiting the age distribution for cells in the
indeterministic state of the cell cycle. In: Valleron Al,
Macdonald PDM (eds) Biomathematics and cell kinetics.
Elsevier/North Holland Biomedical Press, Amsterdam,
p71

Takahashi M (1968) Theoretical basis for cell cycle analysis. II.
Further studies on labelled mitosis wave method. J Theor Biol
18:195

Received March 2/Accepted March 23, 1981



