
Chapter 9

Time Series of Disasters

Disasters in British coal mines between 1851 and 1962 provide a well stud-
ied data base, mainly analysed for the shape of the distribution of times
between successive disasters. Here the series is treated as one of variations
in the local rate of fatalities. Another series, also showing erratic fluctua-
tions, sometimes due to unidentified exogenous factors, is that of the re-
ported monthly sightings of UFOs in the USA over an 18-year period. Both
these series raise interesting questions for social psychologists, yet can re-
quire quite different methods of analysis to explore their dynamics. There
are big differences in temporal scale, and in the number of uncontrolled
and, indeed, unidentified and uncontrollable variables, from the specifi-
able psychophysics of Chapter 1, but some of the considerations about
identifying chaotic dynamics still surface in analogous ways.

Many real situations can generate series which are a mixture of chaotic,
periodic and stochastic noise components. The actual time scale, in mil-
liseconds, days, months, or years, is immaterial unless one also has more
data for interpolation. If the series are long (over 2,000 points) then it
may be possible to sample by coarsening the resolution and look for self-
similarity and fractal properties, but this is not generally true. Nonstation-
arity of the nonlinear dynamics, overwritten by second-order stochastic



216 INFORMATIVE PSYCHOMETRIC FILTERS

noise, is to be expected in some psychophysical and psychophysiologi-
cal data. It is necessary to break a long series into successive subseries to
examine for nonstationarity, and this in itself invalidates the use of algo-
rithms that depend strongly on delay coordinates in order to estimate the
correlation dimension. It is to be expected that, even in stationary pro-
cesses, the local largest Lyapunov exponent will fluctuate, approximately
as a log normal distribution, and what is observed under nonstationarity
is fluctuation from both sampling and dynamical causes. As Schaffer et
al (1988) remarked, ”current methods for estimating the largest Lyapunov
exponent choke on nonuniformity”, so that even if a series is long it is not
necessarily a stable basis for estimation.

The method explored here uses the fluctuations of the local largest Lya-
punov exponent, the entropic analogue of the Schwarzian derivative (ESf),
the confidence intervals of the ESf derived from surrogates, higher order
convolutions in the time domain, and the eigenvalues of the matrix of the
ESf’s of those convolutions. It has been found that this approach can be ap-
plied to series as short as 120 points; the present study now reduces that
to 72 points (each set of 72 one-month points corresponding to a six-year
period in the source data) to see what emerges as compared with previous
analyses in the relevant literature.

If a process is nonstationary in its parameters for all but the most
complicated hierarchical models, then its identification in the presence
of stochastic noise is impeded, particularly if it is simple in its stationary
epochs. However, if it is complex or chaotic, it can be more robust to the
effects of perturbing noise (Schaffer, Ellner & Kot, 1986).

The Sugihara and May (1990) approach is essentially black box, its fo-
cus is on seeing if predictability is a sufficient way of distinguishing ran-
dom from chaotic trajectories, under some assumptions about stationar-
ity. This is still necessary, as the usual statistics, D2 and Lyapunov, are
not helpful and, indeed, dimensionality itself is not the most informative
property to compute for real but short biological series. As soon as a se-
ries shows dead or interpolated epochs then it is not stationary, but can be
put into a finite-state Markov Chain if the dead or null epochs are them-
selves defined as occupying one state of the system. The problem then be-
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comes identifying the stationarity of the state transition probability matrix
in the Markov chain. Any such model needs tuning parameters (Robert &
Casella, 1999); the role of the partitioning constant δ in ESf is just one such
parameter.

Limits on Identifiability

The New York measles series was used by Sugihara and May (1990) as one
test set to develop methods for discriminating between stochastic random
processes and chaotic processes. It is well known that such discrimination
cannot always be achieved. In fact, the confusability has a practical appli-
cation. Robert and Casella (1999, Chapter 2) review a number of uniform
pseudo-random number generators which reproduce the behaviour of an
i.i.d. sample of uniform random variables when compared through a usual
set of tests. Some of these generators are mathematically chaotic attractors,
which have such a long periodicity that recurrence of identical subseries
is not encountered in practical applications; that is, there are chaotic series
that for a specific sample of tests will pass as random. Proceeding in the
opposite direction, there may be series which are essentially random by
some stochastic definition but will mimic a chaotic trajectory.

The properties of chaotic series which may be tested for as almost def-
initional include sensitivity to initial conditions, local fractal dimensional-
ity, positivity of the largest Lyapunov exponent, local predictability, and
entropic functions. If some function of the system’s control parameters
is experimentally accessible, then it may be possible to push the dynam-
ics through a sequence of bifurcations, revealing Feigenbaum dynamics,
which could not be done in a stochastic process. The presence of noise
and of nonstationarity or singularities will weaken the effectiveness of
such tests; for example, the embedding dimension of an attractor may be a
fixed integer, but its non-integer dimensionality on the invariant manifold
could fluctuate. The orbits of the Lorenz equation (Davies, 1999, p.9) are
a well known and frequently depicted case: ”the generating point makes
one or two circuits around one of the wings before switching to the other.”
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Each wing could be locally contained in two dimensions, but the wings
are not coplanar and it needs more dimensions to hold the whole orbits.
The Shilnikov attractor is a more extreme example; it runs to the centre of
a spiral in a flat plane and then jumps out orthogonally and re-enters the
spiral at its outer limit to begin the inward path again.

The frequency spectrum, and hence the autocorrelation spectrum, of a
chaotic process is wide with some local peaks. But a mixture of white or
coloured noise with some limited periodicity superimposed can create the
same picture. Such mixtures may have a small positive largest Lyapunov
exponent. Fourier analyses may be misleading; Davies (1999, p. 56) shows
the Fourier amplitudes of the logistic map, where there is a strong period
4 component, but the orbit is not periodic.

Time series which have discontinuities in them or are suspected of hav-
ing some sort of instability in their generation have been the subject of a
diversity of statistical methods to explore where the discontinuities are
located, whether or not they are abrupt, and what are the best representa-
tions of the discrete segments in the series lying between the discontinu-
ities (Spall, 1988). In real data, there may be critical events, such as a heart
attack, or a civil war, which trigger a shift in dynamics. The series may re-
cover from interruptions or may be permanently changed or terminated.
If the series is not isolated but has collateral variables running in their own
series then the interaction between two or more parallel series may furnish
valuable clues about where and what disruptions have occurred.

An elegant treatment of the various commoner sorts of discontinuities
in univariate time series was created by Gordon and Smith (in Spall, 1988,
chapter 14) using state space equations. It was restricted to change point
identification and modelling in processes in which the evolution was lin-
ear between change points and the series was one of equal interval ob-
servations, but is still valuable because it models, within the same equa-
tions, steady-state, changes in level, change in slope, and transient outliers.
However, it says nothing about higher-order dynamics, and could not be
used to predict the location of the next irregularity. The series to be con-
sidered here could be partly modelled by state-space equations if we were
only interested in identifying some discontinuities as departures from a
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hypothetical steady state. What exactly sufficiently defines a steady state
is somewhat opaque as soon as consideration of higher-order dynamics
comes into the picture.

There were many fatal accidents in the British coal mining industry
between 1851 and 1963. The table used here from Andrews and Herzberg
(1985) has a lower bound on the number of fatalities in one accident set
at 10, and labels the series as one of 191 disasters. The earlier analyses by
Maguire, Pearson and Wynn (1952,1953) are based on an incomplete se-
ries, and treat accidents as a point process, ignoring the actual number of
deaths involved. The focus was on comparing methods to test the non-
randomness of the distribution of intervals between accidents, which if
random may approximate to a Poisson distribution, or to a Laplace trans-
form. One might think that such an approach is unfeeling and irrespon-
sible but, in fairness to those authors, they remark (p. 179): ”A thorough
study of time intervals between explosions in mines would take into con-
sideration the number of men killed and the number at risk.” They also
commented that, ”The problems of accidents are more human and more
complicated than those of quality control. It is usually more important
to extract the maximum amount of information from industrial accident
data.” Jarrett (1979) augmented the series and some internal nonunifor-
mity in the rate of the process has been noted; it appears to change after
125 disasters (Cox & Lewis,1966).

The series is thus long enough to be partitioned into 64, 64, and 63 suc-
cessive events, to apply the same methodology as in other series. If the se-
ries does, in fact, show a change in its generation process after 125 events,
then the last subseries should be different from the first two. There were
technological and social changes during this long period, but there also
seem to have been periods of stagnation, as analysed by economists, dur-
ing the late-19th century. It may be of interest that the series starts in 1851,
but in 1852 the engineering employers locked out their men when they re-
fused to accept systematic overtime (May, 1987, p. 236). Labour relations
were bad and labour laws were significantly loaded against workers for
much of the 19th century; legal recognition of trade unions did not occur
until 1871. Mechanical extraction of coal from seams did not come into use
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in British mines until after 1900, at which date only 2 per cent of coal was
mechanically extracted.

The Deaths Series, x

The great disaster of October 1913, with over 400 deaths, stands out. Its
location is even more marked graphically if the series variable is squared.
As the series does not use accidents in which fewer than 10 persons were
killed, and we might reasonably expect that accidents involving one or
two workers were much commoner than ones with over 10 deaths, the
series has been, in effect, low-pass filtered, so estimates of the frequency
distribution of both this series (xj) and of the time intervals series (yj)
would need to be reanalysed with various cut-offs of higher values than
10 if independence of successive disasters is to be examined. The total
labour force in mining, mostly coal, increased from about 200,000 in 1841
to 216,000 in 1851, 496,000 in 1881, 807,000 in 1901 and to 1,128,000 in 1913
(Crouzet, 1982, pp. 68, 268). After a peak of 1.2 million in 1920, the total
labour force fell steadily to 702,000 in 1938 (May, 1987, p.329). The size of
the population at risk is therefore not constant, nor are the working condi-
tions in terms of size of mine or accessibility of the coal-faces.

For this series LLE(x) = .0366

Figure 9.1: The series of 191 accidents from 1851 to 1963, x
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Figure 9.2: The same series, squared, x2

The Time Intervals Series, y

It is this series which has been the greatest focus of statistical theorising.
Tests for its randomness have taken various forms. The graphical effect of
squaring the variable is even more marked here, emphasising the contrast
in the last subseries. This is matched in the table of descriptive statistics,
in the first two moments. It is not matched in the first-order ESf values,
precisely because those do not use the absolute values (and hence the first
two moments) of the variables. Each time interval is the elapsed time in
days since the previous disaster before the current one. There is, therefore,
the other time series, in which the time interval is that immediately follow-
ing a disaster before the next one occurs. One leads and the other lags on
time when truncated cross-correlations between the two series xj , yj and
xj , y(j+1) are considered. LLE(y) = .0683

Figure 9.3: The time intervals series of 191 disasters, y
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Figure 9.4: The same series, squared, y2

The Local Death Rates Series, z

Two series of local death rates are created by dividing the deaths xj at dis-
aster j by the time since the previous disaster yj to give gzj = xj/yj ; that
is, deaths lag on time, or, for deaths leading time dzj = xj/y(j+1), provided
that if two disasters arise on the same day (this happened once in the long
record) we set yj = 1. These two zj series may be explored by precisely
the same methods as the first two series, but their interpretation demands
great care. Why this is so may be seen by looking at some collateral statis-
tics from other sources. LLE(gz) = .0366, LLE(dz) = .0745. It should be noted
that these z series are the simplest sort of lagged cross-correlation spectra
that we can compute.

Redmayne (1945, pp. 41-42) lists some data on accident rates in coal
mines, with warnings that the data are not simply interpretable: ”Mining
is the most dangerous of all occupations, ” and ”the highest rate of acci-
dent mortality in mines is that in respect of the conveyors of material to the
shaft”. Obviously a large disaster will kill more than just this subgroup of
the labour within one mine. Redmayne was aware that a single large dis-
aster could bias the data for a time period, and hence calculated accident
rates only over decennia, and also considered the number of shifts per
worker employed, as this is variable and determines an exposure rate to
risk.
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Figure 9.5: The gzj series;
time intervals lead the number of deaths in a disaster.

Figure 9.6: The dzj series
time intervals lag the number of deaths in a disaster.

Table 9.1
Death Rate from Accidents, per 1000 employed

From Redmayne (1945), for 1873 to 1943
Decade From to Rate

1 1873 1882 2.24
2 1883 1892 1.81
3 1893 1902 1.39
4 1903 1912 1.15
5 1913 1922 1.15
6 1923 1932 1.05
7 1933 1942 1.14
- 1943 only 1.00
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Table 9.2
Death rates per 100,000 man-shifts worked,

surface and underground, from 1938
1938 0.41
1939 0.37
1940 0.43
1941 0.46
1942 0.43
1943 0.36

————————————————-

It is perhaps better that we do not dwell on Redmayne’s theories (1945,
p. 43) about the psychology of the miner, ”the Character and Ideocracy
[sic] of the British Coal Miner”, and what he calls racial differences be-
tween Celts and Danes. In interpreting the figures for 1913 to 1922, he
eventually notes that the industry was under complete government con-
trol during 1917 to 1921, and ”there were then strikes and unrest greater
that at almost any other period” (no figures given). It would have been
helpful if the relations between strike rates and death rates were tabled; it
is a bit harder to get killed if one is out on strike. The whole text reads like a
sustained apologia for private capitalism, it was written and published at
a time when nationalisation of the coal industry was under active consid-
eration. Of course, that came to pass. The relevance of Redmayne’s tables
for our current purpose is to display the changes in the generation of data
during the total period under consideration.

When interpreting the number of deaths on one disaster, which means
from one mine, one needs to know how big the mine was. Crouzet (1982, p.
270) notes that, ”in 1913 there were 3289 collieries worked by 1589 separate
firms. The average colliery had a workforce of 340 ... more than one third
of the collieries were worked by fewer than 50 miners. The great majority
employed from 50 to 2,500 without their size having any influence on their
efficiency.” If 35 miners were killed in one disaster, it means something
quite different if the mine employed 50 men, rather than employing 500 or
5,000.
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Having got the four series x, y,g z,d z their descriptive statistics for each
subrange may be tabulated.

————————————————-
Table 9.3

Descriptive Statistics including ESf on the four series
Statistic x1 x2 x3 y1 y2 y3

mean 41.42 53.85 58.13 113.14 133.12 395.92
s.d. 55.23 55.38 83.87 137.76 115.98 464.57

variance 3050.21 3067.27 7035.17 1.8× 105 1.3× 105 2× 106

Skewness 3.6026 1.9181 2.7049 2.8234 .8487 2.0776
Kurtosis 15.9097 3.2257 7.5542 10.3115 -.4055 4.6043

Slope 0.1620 0.3448 -1.1566 -0.4831 1.6635 1.5907
ESf -.3769 -.2322 -.1872 -.4747 -.4739 -.4301

- gz1 gz2 gz3 dz1 dz2 dz3
mean 2.86 2.71 0.46 4.79 5.34 5.16

s.d. 11.53 9.44 0.75 10.38 15.98 12.63
variance 132.87 89.13 0.55 107.64 255.47 159.62

Skewness 7.0063 6.1845 2.5981 3.6121 5.0138 3.7720
Kurtosis 50.4346 41.7792 6.8722 14.2947 27.1255 14.9990

Slope .0407 -.0698 -.0019 -.0589 -.0993 .0979
ESf -.2158 -.6152 -1.0773 -.8236 -.2161 -.2509

————————————————-

The series gzj is one in which it is assumed that an accumulator pro-
cess builds up the probability of an accident over time until it is eventually
triggered, its severity being proportional to the time for risks to accumu-
late, whereas the dzj series assumes that an accident exhausts the potential
for another accident as a function of its own severity, so that the delay to
the next accident is a proportional function of what has just occurred. It
is quite possible for the process as a whole to shift from gz to dz (or the
reverse) during its evolution; this is a form of dynamical nonstationarity.

The higher-order ESf matrices can also be computed on these sub-
series.
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Table 9.4
Higher-order ESf matrices for the subseries of deaths; x

Italicised values are within the 95% c.i. for random surrogates

Block ESf b(1,2) b(1,3) b(1,4) b(1,5) b(1,6)
1(of 64) -.3769 .1633 .0643 -.2771 .1338 -.0820

.4008 .1329 .2307 -.1311

.2008 .2601 .2327

.2096 -.1919
-.6567 n: 5

2(of 64) -.2322 .0901 -.2261 -.2299 .3409 .1961
-.0581 -.1435 -.1124 .2398
-.2906 -.3552 -.0167
-.1376 -.1484
.2420 n: 3

3(of 63) -.1872 .3653 .2219 .2623 .2442 .1436
.2610 0955 .1412 .1504
.2219 .2569 .0494

-.2392 .2113
.2219 n: 6

Again, the interest is in evidence of heterogeneity between the three sub-
series. The ESf values for the first-order series are reduplicated for cross-
checking with the previous table of descriptive statistics. From previous
analyses of time series in this fashion, it can be read that these series are
a mix of random and non-random higher-order relations within the se-
quential dynamics, the deaths series is not one which is locally predictable
with any confidence. The deviant subseries inESf terms appears to be the
middle one, not the last one, as suggested by the earlier analyses of time
intervals by Maguire, Pearson and Wynn (1952). The middle period is the
least random in terms of higher-order dynamics, for both the deaths and
the intervals subseries. A few very disastrous accidents within a series of
much smaller ones can induce odd sequential dynamics.
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Discussion

A classical problem in data analysis is that of inferring causality from a
correlation; the inference is usually invalid if unsupported by contextual
knowledge. In time series, there are additional possibilities for inferring
the causal direction of links between variables. The additional information
in time series data is that which gives some insight into the temporal direc-
tion of effects (as, for example, in path analysis); if the cross-correlations
in one direction at one or more lags are very different from those in the
opposite direction, then some sorts of causality are supported and others
ruled out. The extension from more familiar ideas here involves both the
gz and dz series constructed from the two x and y data series, and the
ESf at first-order and higher-order values; for example, the ratios of the
first-order ESf for gz and dz are 0.262, 2.847, and 4.294 for respectively
subseries 1,2,3, whereas for the ratios x/y they are 0.794, 0.490 and 0.435.

It is usual to compute the cross-correlations between two parallel se-
ries and see if one lags or leads upon the other. This interaction between
two series may itself be nonstationary and what lags at one place may
lead at another. If such changes are happening, then reduction of a total
unbroken multivariate time series to one based on the Jacobians of the
cross-correlations at each lag can be seriously misleading (Gregson, 1983,
Chapter 6).

The four tables of higher-order ESf matrices differ from one another.
Changes in one do not match changes in another but, considering the com-
plicated causality of the collection of coal mines spread over regions with
different geology, sizes, technology, ownership, and apparently labour-
management relations, there is an underlying causal heterogeneity that is
not present to anything like the same degree in the measles series. Hence
any deductions are generalisations which at best will show differences be-
tween different time periods.

The y series of time intervals between accidents is, indeed, nearest to a
Poisson distribution if one allows the ratio of mean/s.d. to be the indicator
and the large change does then show in the last subseries where accidents
become rarer in time. There is not much difference in the average number
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of deaths (the x) series per accident over the the three subseries, but obvi-
ously if one computes deaths per time (in months, and perhaps corrected
for the size of the labour force as it increased up to 1913) then conditions
improved in one respect.

Table 9.5
Higher-order ESF matrices for the subseries of intervals; y

Italicised values are within the 95% c.i. for random surrogates

Block ESf b(1,2) b(1,3) b(1,4) b(1,5 b(1,6)
1(of 64) -.4747 -.0192 -.2556 -.1251 -.0468 -.2371

.0144 -.1089 -.2369 .2223
-.0206 -.4565 -.0659
-.0284 -.3653
-.2859 n: 6

2(of 64) -.4739 -.0248 -.4247 -.4662 -.3412 .1588
.1409 -.0989 -.2655 .0126

-.3062 -.1773 -.1182
-.1015 -.3507
.1272 n: 2

3(of 63) -.4301 .2412 .0117 -.0784 -.1403 .4620
-.1386 -.0261 .0804 -.2372
.2940 -.0690 -.0859

-.2283 .0285
.0405 n: 3

The four higher-order ESf tables suggest that the x series is noisy
throughout. The y series becomes much less noisy as it evolves, mainly
due to the fact that relatively little happens after about 1920, as technology
and prevailing economics change. This is also is reflected in the gzj series,
but not in the dzj series, which is less noisy. There is thus stronger evidence
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for an accumulator process in which the time intervals are longer after se-
rious accidents. Accidents are not so much waiting to happen as many
secondary factors accumulate (as in a Poisson process) but rather that an
accident induces, for a while, more caution in all pits as knowledge of the
last disaster is diffused or knocks out, for a while, from the pool of pits at
risk those with larger current accident potential. This distinction is com-
pletely lost if only the y series is analysed, as the earlier work of Maguire,
Pearson and Wynn (1953) employed.

————————————————-

Table 9.6
Higher-order ESf matrices for the death rates series; z

This is gzj where deaths lag on time intervals
Italicised values are within the 95% c.i. for random surrogates

Block ESf b(1,2) b(1,3) b(1,4) b(1,5) b(1,6)
1(of 64) -.2158 -.1136 .0601 .1507 .1735 -.1760

-.2762 .0145 .0756 .1518
.2824 .2088 .2007

-.1976 .0429
.1705 n: 5

2(of 64) -.6152 -.7049 .2126 .2610 -.1863 .2610
.4008 -.0978 .1134 .1102
.4008 .0078 .2816

-.0434 .1344
.1879 n: 5

3(of 63) -1.0773 .1610 .4008 .0247 .0651 .4008
.2137 .0382 .2610 .2108
.0532 .2990 .1800

-.0182 .0054
.3044 n: 3



230 INFORMATIVE PSYCHOMETRIC FILTERS

Table 9.7
Higher-order ESf matrices for the death rates series; z

This is dzj where deaths lead on time intervals
Italicised values are within the 95% c.i. for random surrogates

Block ESf b(1,2) b(1,3) b(1,4) b(1,5) b(1,6)
1(of 64) -.8236 -.3556 .3613 -.4269 .3773 .2498

.1789 .1714 .2946 .2813

.2345 -.1805 .2240

.1565 .3130

.1134 n: 3
2(of 64) -.2161 .1639 .3337 .4163 .1728 .4281

.2345 .0875 .2126 -.4886

.2656 .2219 .4581
-.2253 -.0156
-.1453 n: 4

3(of 63) -.2509 .0874 -.4146 .1602 -.2999 .0386
-.1616 .2705 .5082 .3927
-.1589 .3374 .1295
-.0426 .2946
.1820 n: 3

Series of Irrational Beliefs

The series of coal mine disasters has some real identifiable bases in physi-
cal causality, as well as in the bitter social confrontations between miners
and mine owners. We can, in part, identify some factors as changes in the
technology of mining and even in the medical ways in which the injured
are saved from death after being rescued; such factors changed over the
19th and 20th centuries. But there are series of events in which scientific or
technological explanations are lacking or perhaps at least contentious. One
example is the series of UFO (or, popularly, ”flying saucers”) sightings in
the USA, recorded as monthly totals (Condon, 1969, Section V, Table 1).
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The series is not random and shows local outbursts. In this respect, it
superficially resembles series of volcanic eruptions, epidemics such as the
Black Death in Europe, or fanatic attacks on witches in the 17th and 18th
centuries. For volcanoes, we now know much of the geophysics, though
we cannot predict precisely well in advance a particular eruption. Epi-
demics such as measles have periodicities, but some psychological series
are aperiodic and based on irrational beliefs that seem to disperse some-
thing like biological epidemics. It is tempting to see if irrational series are
chaotic. There is little point in testing them against random surrogate se-
ries because we know enough about their social causality to know they
are not random. It is not informative simply to be told again that they
have some underlying partially determinate causality.

Figure 9.7: The raw data of UFO sighting frequenciess
Eighteen years from 1950, as reported month by month

The full data are given in Table 9.9. It is not clear if multiple sightings
by one individual are included, or if simultaneous sightings by a group of
observers counts as one and, obviously, the return rate of observations is
unspecified; that is, the data are properly sightings reported to the study
and the rate of reporting is itself a hidden variable. The relation between
sightings and reporting sightings can be a variable that is a function of
other external variables, such as media feature programs and fictional re-
ports of aliens invading the USA. The aspect of interest are, however, the
non-stationarity, the local peaks and the autocorrelation spectra. The auto-
correlations vary markedly with the transformations of the raw frequen-
cies, and are maximised under a reciprocal transformation. There is no
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suggestion of an annual periodicity. Showing where and how the non-
stationarity arises demands that the series is explored under other trans-
formations and using filters in the sense of Chapter 1; a low pass filter
merely repeats the pattern of Figure 9.7 with smoothing the peaks, a high-
pass filter is now much more informative. This is shown in Figures 9.8
and 9.9. Calculating indices of chaoticity on filtered series is not commonly
done, but we note that Abarbanel (1996, page 93) anticipates this when he
writes, ”we are seeing data with small scale motions suppressed yet with
very interesting dynamics How the Lyapunov exponents of a system vary
with spatial averaging is the issue.”

If we wish to use symbolic dynamics (Gregson, 2005), then the UFO
sightings series has to be coarse scaled by partitioning into a closed set
of segments and labelling the segments each with a dummy variable. We
will use 5 segments and then put the data into a 5-state Markov transition
probability matrix. The simplest partitioning is into equal width ranges, a
maximum a priori entropy assumption. This is in fact false, the low values
as much commoner, so three solutions are presented.

Figure 9.8: Reciprocals of monthly UFO sighting frequencies
derived From Figure 9.7

Table 9.12 ( see also Figure 9.7) is based on using the reciprocals of the
raw frequencies, which thus expresses the process in terms of local rates
of sightings. This also gives us a long term prediction of the frequency
and rate distributions, coarse scaled, of UFO sightings after 1968, under
assumptions of stationarity dynamics.

The series is long enough to get some estimates of the largest Lya-
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Figure 9.9: Highpass filtering of UFO sighting frequencies
derived From Figure 9.7

punov exponent (LLE). In all cases it is positive but very small, suggesting
edge-of-chaos; For raw frequency data, LLE = +.0394, for a log10 trans-
form, +.0862, for reciprocals, +.0335, for high pass filtering, +.0478, and for
low pass filtering +.0643.

ESf are computable, for the full series ESf =-.5745 with δ = .005, for the
first 9 years,-.5009, and for the last 9 years -.4810. This is compatible with
the appearance of non-stationarity.

————————————————-
Table 9.8 Autocorrelation Spectra under Transformations

The raw frequencies, their logs and their reciprocals are tabled in parallel.

lag autocorrel log10 trans reciprocal
1 .5938 .7418 .7611
2 .2640 .5392 .5357
3 .1481 .4220 .4119
4 .0672 .3177 .3501
5 .0222 .2305 .3156
6 .0197 .1915 .3103
7 .0585 .1751 .2922
8 .0436 .1922 .2768
9 .0014 .1718 .2543

10 -.0139 .1737 .2662
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So the partitioning points are 0,.2,.4,.6,.8,1.0 for Table 9.8, and (quite
arbitrarily and heuristically) 0,.1,.2,.6,.9,1.0 for Table 9.9. The reciprocals
have a skewed distribution so 0,.02,.04,.08,.2,1.0 have been used.

The stationary state vectors in Tables 9.10, 9.11, and 9.12 are based on
observed convergence after 20 iterations. The most interesting and poten-
tially informative are those from the reciprocals of the frequencies in Table
9.12.

Table 9.9: Monthly Returns on UFO sightings

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
1950 15 13 41 17 8 9 21 21 19 17 14 15
1951 25 18 13 6 5 6 10 18 16 24 16 12
1952 15 17 23 82 79 148 536 326 124 61 50 42
1953 67 91 70 24 25 32 41 35 22 37 35 29
1954 36 20 34 34 34 51 60 43 48 51 46 30
1955 30 34 41 33 54 48 63 68 57 55 32 25
1956 43 46 44 39 46 43 72 123 71 53 56 34
1957 27 29 39 39 39 35 70 70 59 103 361 136
1958 61 41 47 57 40 36 63 84 65 53 33 37
1959 34 33 34 26 29 34 40 37 40 47 26 10
1960 23 23 25 39 40 44 59 60 106 54 33 51
1961 47 61 49 31 60 45 71 63 62 41 40 21
1962 26 24 21 48 44 36 65 52 57 44 34 23
1963 17 17 30 26 23 64 43 52 43 39 22 22
1964 19 26 20 43 83 42 110 85 41 26 51 15
1965 45 35 43 36 41 33 135 262 104 70 55 28
1966 38 18 158 143 99 92 93 104 67 126 82 40
1967 81 115 165 112 63 77 75 44 69 58 54 24

Mitchener and Nowak (2004) found a transition matrix for a pro-
cess which they considered resembling a Shilnikov attractor trajectory; in
this 5-state representation, the upper left 3 × 3 submatrix is one part of
the system, which is fully connected, the lower right 2 × 2 high ampli-
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tude part represents a subregion into which the trajectory can transiently
jump. These dynamics are chaotic but, in a short realisation, appear non-
stationary. We return to this topic in the next chapter. Another way of vi-
sualising the system is to think of the 3 × 3 submatrix as partitioning the
system’s dynamics and the transient jumps to constitute themselves a slow
series with aperiodic intervals between the jumps.

Table 9.10: 5-state transition matrix with equal partitioning
The last columns are the respective stationary state vectors

.967 .029 .005 .000 .000 .9330

.545 .273 .000 .182 .000 .0491

.000 1.000 .000 .000 .00 .0045

.500 .000 .000 .000 .500 .0089

.000 1.000 .000 .000 .000 .0045

Table 9.11: 5-state transition matrix with skewed partitioning

.884 .116 .000 .000 .000 .7319

.378 .467 .156 .000 .000 .2010

.167 .333 .333 .167 .000 .0537

.000 .500 .000 .000 .500 .0090

.000 .000 1.000 .000 .000 .0045

Table 9.12: 5-state transition matrix for reciprocal values

.671 .278 .051 .000 .000 .3491

.247 .613 .140 .000 .000 .4080

.070 .256 .558 .116 .000 .2009

.000 .250 .375 .250 .125 .0374

.000 .000 .000 1.000 .000 .0047
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In Table 9.12, the meaning of fast and slow submatrices is reversed: the up-
per 3× 3 submatrix is now associated with slow dynamics, and the lower
right 2 × 2 submatrix with faster changes. Because of the social changes
in UFO beliefs it is very doubtful if the stationary state vectors have any
long-term validity; possibly they could be replaced by beliefs in terrorism,
as another form of social near-panic. Even more transitory were the mil-
lennial vigils around the year 2000 (Gregson and Gregson,1999).

An argument might be advanced for treating series such as the UFO
sightings as convolutions of a least two other processes: a social inertia or
contaminative effects within a social group, and perturbations from critical
incidents in the cultural environment. That would lead us back into par-
allels with the spread of infectious diseases about which many stochastic
models have been developed; some examples were noted in the last part
of Chapter 1.

Note

The coal mine disasters series are taken from Andrews and Herzberg
(1985).

The UFO sighting frequencies are taken from a US Air Force commis-
sioned report by Condon (1969).




