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can maths help us glimpse the future?
Why is prediction of some natural 
phenomena easy and others hard? 
Professor Mike Steel, Director of the 
Biomathematics Research Centre at the 
University of Canterbury, explains:
Consult a tide chart or astronomy website, and it 
seems that predicting far into the future can be 
simple. It is easy to tell if it will be high tide at 
my local beach in two years from today, or 
whether or not there will be a solar eclipse on 
8 April in 2024. So why can’t someone tell us if it 
will rain for a picnic in two weeks from now? Or whether there 
would be a magnitude 6.0+ aftershock in the week following 
the Canterbury earthquake? In other words, why is it that 
we can predict very accurately far into the future for some 
phenomena, yet the best computers in the world struggle 
to tell us about other events only a few days ahead?  

There are several reasons. Firstly, describing, say, the orbit 
of planets requires specifying only a few variables (speed, 
position etc.), while describing the weather or predicting 
an earthquake requires specifying a huge number – there 
are still only a few basic quantities, but we need to measure 
them at a huge number of locations (e.g. for weather, the 
air pressure, humidity etc. at all places on the surface of 
the Earth). Secondly, some dynamical systems are highly 
sensitive to errors in measurements of variables – any 
variation can balloon rapidly with time. This has more 
to do with the mathematic form of the equations than 
the number of equations and variables (Lorenz’s famous 
‘chaotic’ system has just three of each).

Thus, with complex processes, we face a ‘double hit’: not 
only do we need to measure an infi nite number of variables, 
but we need to measure them all with great accuracy. Since 
we can’t measure an infi nity of variables, we make do with 
a fi nite number of them – but even measured with infi nite 
precision this ‘discretization’ of the process usually behaves 
differently, in the long-term, to the original continuous one. 
Other obstacles to predicting the future of complex systems 
include that they are often not truly closed systems but 
infl uenced by external events. Computational limitations 
are also a factor. 

One way forward is to use random models to estimate 
the probabilities of coarse events (e.g. an earthquake of 
magnitude 7.5 or higher in NZ in the next 100 years) without 
specifying the fi ne details (i.e. exactly where or when the 
earthquake will occur). For some processes, like weather, we 
have a good measure of predictive accuracy – each week 
provides a test. But more unique and far-off predictions, such 
as the impact of human activity in causing climate change, 
or the timing and magnitude of the next ‘fl u pandemic 
are much harder to test due to statistical fl uctuations and 
model uncertainty – more about this shortly.

Mathematical aspects of prediction
A fundamental tenant of science is that the past infl uences 
the future only via the present. That is, if X(t) is a complete 
description of the state of a closed physical system at time t,
and t1 < t2 < t3 then X(t1) tells us nothing more about X(t3) than 
X(t2) does. This principle of ‘no action at a temporal distance’ 
underlies both classical science (where X(t) is completely 
determined by X(t’) for t’ < t) and quantum theory.  

However, even in classical science it is usually impossible 
or impractical to deal with a complete description of a 

closed physical system, so we resort to a coarse 
‘lumping’ of micro-states into macro-states. In 
other words, we deal with a derived process 
Y(t) = f(X(t)) here f is a many-to-one function 
from micro-states to macro-states. In genetics, 
for instance, the micro-states might correspond 
to the alleles at a genetic locus (or several loci), 
while the macro-states might correspond to the 
less informative phenotype (blue eyes or brown 
etc.). Now in contrast to X(t) the lumped process 
Y(t) can exhibit ‘temporal action at a distance’, 
for example, the phenotype of grandparents 

can provide additional clues to the likely phenotype of a 
child than what the parents’ phenotypes tell us. 

Moreover, even though X(t) is totally determined by any 
earlier value of the process, as in classical physics, the lumped 
process Y(t) need not, since it depends on which micro-state 
we were in at the earlier value. It is usual to model this by 
regarding Y(t) is a random process, and the assumption of 
no ‘action at a temporal distance’ is often accurate (though 
one can always fi nd exceptions, as we indicated above). 
Mathematically, we can express this assumption by saying 
that the probability that Y takes a certain value y at any time 
s in the future from now (time t), conditional on all of the past 
history up to time t is the same as if we just condition on the 
state we are in at time t. Or, more succinctly: 

Pr(Y(t + s) = y | Y(t’) : t’< t) = Pr(Y(t + s) = y | Y(t))
Such processes are called ‘Markovian’ and they pervade 
almost every corner of science. What can we say about such 
processes? Plenty, but here is one general result: suppose a 
Markov process with a fi nite number of states satisfi es the 
following two properties: if one is in state x, at time t, then 
the probability of being in state y at time t+s is: 
(i) strictly positive for some s (i.e. by a sequence of steps)
(ii) independent of t.

 As a simple example of such a process, consider the order 
of 1,000 genes along a chromosome. After a random 
(exponential) waiting time we pick up a random block of 
genes of random length and invert them (this is a ‘step’) 
leading to a new order. After a very long time there will 
have been a lot of ‘steps’ and the genes will have been 
thoroughly shuffl ed (like cards in a deck).

A universal property of this, and any other Markov process 
on fi nite states that satisfi es properties (i) and (ii), and with 
t continuous, is that they converge to some equilibrium 
distribution – it may not be uniform (like the above 
shuffl ing example) but it is the same distribution regardless 
of our present starting position, so the ‘trace’ of where we 
started gets lost the further we look into the future. There is 
even a theorem that guarantees that the ‘information’ that 
the present state provides about the future state goes to 
zero exponentially fast the further we look into the future. 
Prediction into the far future is thus provably hard for any 
such Markov process!

Without properties (i) or (ii) we can sometimes predict 
far out indefi nitely into the future. For example, imagine 
an extremely rare but neutral mutation that arose in 
one individual, was subsequently passed on to many 
descendants to the point where it is now present in 5% 
of a population. Eventually, after many generations, the 
gene will either get fi xed (everyone will have it) or lost, and 
the probability is exactly 95% of being lost under simple 
population-genetic models. In this case the distant future 
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future focus – predicting the future
can be easier to predict than the not-so-distant future. This 
process fails property (i) since once a gene is fi xed (or lost) 
the population is assumed to stay in that state.

The paradox of ‘more is less’:  Model mis-specifi cation
It is a generally assumed axiom that the more realistic a 
model we use, the more accurately we should be able to 
predict the future. However, this is not always the case. 
Simple models can allow ‘precise’ estimates into the 
future, while models that build in more ‘reality’ can make 
the estimates far less reliable. Usually all it means is that 
the original ‘precise’ estimates are likely to be completely 
wrong, because the model used to predict them was overly 
simple.  Below we describe an example from our work in 
biodiversity conservation, in which the more ‘realistic’ model 
leads to greater uncertainty about the future. 

Example: predicting the loss of biodiversity
In studying the loss of biodiversity, a simple model of 
extinction is the so-called Field of Bullets (FOB) model, in 
which each species x has a certain probability p(x) of going 
extinct in the next 100 years, and extinction of each species 
occurs independently of other species. Suppose there are 
100,000 species in an ecosystem today, each with a 99% 
chance of surviving the next 100 years, and so p(x) = 0.01 
for all x. What can we say about the number N of species 
who will be extinct in 100 years?  By the independence 
assumption we know that N has a binomial distribution 
with n = 100,000 and p = 0.01. Thus, as any Year 13 statistics 
student knows, N is normally distributed with a mean of 
1000 and a standard deviation of around 31. So we can be 
more than 99% sure that the number of extinctions will be 
between 900 and 1100. The model won’t provide any clues 
as to which species will go extinct, but it seems to give an 
impressively accurate estimate: 1% plus or minus (±) 0.1% of 
species will go extinct. 

However, the assumption that extinctions proceed 
independently is not very realistic. The demise of some 
species on which another depends is likely to increase the 
chance of extinction of that second species. Thus, we can 
build into simple FOB model ecosystem interactions, for 
example, a food web, and ask how this affects the estimates. 
This is something we mathematically modelled recently, 
using a Chesapeake Bay marine food web, shown below in 
Figure 1.

Figure 1: A food web showing some marine species’ 
interactions in the Chesapeake Bay estuary of North 
America. An arrow from x to y indicates that species y 
feeds on x.     

Our ‘eco-FOB’ model introduces far higher uncertainty 
into the estimates. If we consider two set-ups that lead 
to the same expected (average) value of the number N 
of extinction, and we consider the variance in N (species 
‘richness’), then Figure 2 shows how this is much higher 
under the eco-FOB model than a ‘generalised fi eld of bullets’ 
(g-FOB) model that allows each species to have a matching 
extinction rate (but with extinctions treated independently). 
This ‘variance infl ation’ in the eco-FOB model over the 

matching g-FOB model means we have much less precise 
estimates of N under the more ‘realistic’ model.

Figure 2: The ‘infl ated’ statistical variance (top curve) 
in the number of species that survive under an eco-FOB 
model over a matching model that ignores the food-web 
dependences (bottom curve). 

Why do we see this variance infl ation? The reason is 
that, large numbers of independent variables are highly 
predictable, by the Central Limit Theorem (as we saw 
above), but dependent variables can be subject to ‘cascade’ 
effects. In the ecosystem setting this means, roughly 
speaking, that the some extinctions can tend to set off of a 
chain of other extinctions (if they occur) while others will 
not, and it is diffi cult to predict which cascade scenarios will 
occur (if any), and how severe they will be. 

Science and technology ten years from now
Anyone old enough to remember the Moon landing knows 
that predicting the future is a risky business. Back then, our 
expectation of manned space exploration over the coming 
decades was captured by Stanley Kubrick’s 2001: A Space 
Odyssey. Yet the reality was quite different, and this year the 
U.S. is to suspend manned space fl ights altogether.

More recently, the sequencing of the human genome, 
just over a decade ago, promised an ‘open book’ revealing 
which gene causes which disease, ushering in a revolution 
in ‘genetic medicine’. Again the reality fell far short; perhaps 
the biggest surprise was the relatively small numbers of 
genes humans have – similar to some other ‘primitive’ 
species, such as the puffer fi sh – and the emerging picture 
of genes working in concert with each other, and the 
environment.

Yet sometimes the future exceeds our expectations. 
One has been the unexpected pace of DNA sequencing 
technology. While computer power has chugged along as 
expected, increasing by a respectable factor of around 30 
per decade according to ‘Moore’s law’, the speed and cost 
of DNA sequencing technology has been far more dramatic 
– the cost is reportedly 100,000th of what it was a decade 
ago, and the quantity of data being generated is now 
outpacing the ability to process it.

This all goes to reinforce the words of former Danish 
physicist, Niels Bohr: “Prediction is very diffi cult, especially 
about the future.”

For further information contact: 
Mike.Steel@canterbury.ac.nz
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