ANNALS OF INQUIRY

HOW MUCH OF THE WORLD IS IT
POJSSIBLE TO MODEL?

Mathematical models power our civilization—but they have limits.

By Dan Rockmore
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s hard for a neurosurgeon to navigate a brain. A key challenge is
gooeyness. The brain is immersed in cerebrospinal fluid; when a surgeon

t)

|



opens the skull, pressure is released, and parts of the brain surge up toward the
exit while gravity starts pulling others down. This can happen with special
force if a tumor has rendered the skull overstuffed. A brain can shift by as
much as an inch during a typical neurosurgery, and surgeons, who plan their

routes with precision, can struggle as the territory moves.

In the nineteen-nineties, David Roberts, a neurosurgeon, and Keith Paulsen,
an engineer, decided to tackle this problem by building a mathematical model
of a brain in motion. Real brains contain billions of nooks and crannies, but
their model wouldn’t need to include them; it could be an abstraction encoded
in the language of calculus. They could model the brain as a simple, sponge-
like object immersed in a flow of fluid and divided into compartments.
Equations could predict how the compartments would move with each
surgical action. The model might tell surgeons to make the first cut a half inch
to the right of where they'd planned to start, and then to continue inward at an

angle of forty-three degrees rather than forty-seven.

Roberts and Paulsen designed their model on blackboards at Dartmouth
College. Their design had its first clinical test in 1998. A thirty-five-year-old
man with intractable epilepsy required the removal of a small tumor. He was
anesthetized, his skull was cut open, and his brain began to move. The model
drew on data taken from a preoperative MRI scan, and tracked the movement
of certain physical landmarks during the surgery; in this way, the real and
predicted topography of the exposed brain could be compared, and the new
position of the tumor could be predicted. “T'he agreement between prediction

and reality was amazing,” Roberts recalled recently.

Today, descendents of the Roberts and Paulsen model are routinely used to
plan neurosurgeries. Modelling, in general, is now routine. We model
everything, from elections to economics, from the climate to the coronavirus.
Like model cars, model airplanes, and model trains, mathematical models
aren’t the real thing—they’re simplified representations that get the salient

parts right. Like fashion models, model citizens, and model children, they’re



also idealized versions of reality. But idealization and abstraction can be forms
of strength. In an old mathematical-modelling joke, a group of experts is hired
to improve milk production on a dairy farm. One of them, a physicist,
suggests, “Consider a spherical cow.” Cows aren’t spheres any more than brains
are jiggly sponges, but the point of modelling—in some ways, the joy of it—is
to see how far you can get by using only general scientific principles, translated

into mathematics, to describe messy reality.

To be successful, a model needs to replicate the known while generalizing into
the unknown. This means that, as more becomes known, a model has to be
improved to stay relevant. Sometimes new developments in math or
computing enable progress. In other cases, modellers have to look at reality in
a fresh way. For centuries, a predilection for perfect circles, mixed with a bit of
religious dogma, produced models that described the motion of the sun,
moon, and planets in an Earth-centered universe; these models worked, to
some degree, but never perfectly. Eventually, more data, combined with more
expansive thinking, ushered in a better model—a heliocentric solar system
based on elliptical orbits. This model, in turn, helped kick-start the
development of calculus, reveal the law of gravitational attraction, and fill out
our map of the solar system. New knowledge pushes models forward, and

better models help us learn.

Predictions about the universe are scientifically interesting. But it’s when
models make predictions about worldly matters that people really pay
attention.We anxiously await the outputs of models run by the Weather
Channel, the Fed, and fivethirtyeight.com. Models of the stock market guide
how our pension funds are invested; models of consumer demand drive
production schedules; models of energy use determine when power is
generated and where it flows. Insurers model our fates and charge us
commensurately. Advertisers (and propagandists) rely on A.I. models that
deliver targeted information (or disinformation) based on predictions of our

reactions.

But it’s easy to get carried away—to believe too much in the power and



elegance of modelling. In the nineteen-fifties, early success with short-term
weather modelling led John von Neumann, a pioneering mathematician and
military consultant, to imagine a future in which militaries waged precision
“climatological warfare.” This idea may have seemed mathematically plausible
at the time; later, the discovery of the “butterfly effect”—when a butterfly flaps
its wings in Tokyo, the forecast changes in New York—showed it to be
unworkable. In 2008, financial analysts thought they'd modelled the housing
market; they hadn’t. Models aren’t always good enough. Sometimes the
phenomenon you want to model is simply unmodellable. All mathematical
models neglect things; the question is whether what’s being neglected matters.
What makes the difference? How are models actually built> How much should

we trust them, and why?

M athematical modelling began with nature: the goal was to predict the
tides, the weather, the positions of the stars. Using numbers to describe
the world was an old practice, dating back to when scratchings on papyrus
stood for sheaves of wheat or heads of cattle. It wasn't such a leap from
counting to codrdinates, and to the encoding of before and after. Even early
modellers could appreciate what the physicist Eugene Wigner called “the
unreasonable effectiveness of mathematics.” In 1963, Wigner won the Nobel
Prize for developing a mathematical framework that could make predictions
about quantum mechanics and particle physics. Equations worked, even in a

subatomic world that defied all intuition.

Models of nature are, in some ways, pure. They’re based on what we believe to
be immutable physical laws; these laws, in the form of equations, harmonize
with both historical data and present-day observation, and so can be used to
make predictions. There’s an admirable simplicity to this approach. The
earliest climate models, for example, were essentially ledgers of data run
through equations based on fundamental physics, including Newton’s laws of
motion. Later, in the nineteen-sixties, so-called energy-balance models
described how energy was transferred between the sun and the Earth: The sun

sends energy here, and about seventy per cent of it is absorbed, with the rest



reflected back. Even these simple models could do a good job of predicting

average sur face temper ature.

Averages, however, tell only a small part of the story. The average home price
in the United States is around five hundred thousand dollars, but the average
in Mississippi is a hundred and seventy-one thousand dollars, and in the
Hamptons it’s more than three million dollars. Location matters. In climate
modelling, it’s not just the distance from the sun that’s important but what’s
on the ground—ice, water (salty or not), vegetation, desert. Energy that’s been
absorbed by the Earth warms the surface and then radiates up and out, where
it can be intercepted by clouds, or interact with chemicals in different layers of
the atmosphere, including the greenhouse gases—carbon dioxide, methane,
and nitrous oxide. Heat differentials start to build, and winds develop.
Moisture is trapped and accumulates, sometimes forming rain, snowflakes, or
hail. Meanwhile, the sun keeps shining—an ongoing forcing function that

continually pumps energy into the system.

Earth-system models, or E.S.M.s, are the current state of the art in combining
all these factors. E.S.M.s aim for high spatial and temporal specificity,
predicting not only temperature trends and sea levels but also changes in the
sizes of glaciers at the North Pole and of rain forests in Brazil. Particular
regions have their own sets of equations, which address factors such as the
chemical reactions that affect the composition of the ocean and air. There are
thousands of equations in an E.S.M., and they affect one another in
complicated couplings over hundreds, even thousands, of years. In theory,
because the equations are founded on the laws of physics, the models should
be reliable despite the complexity. But it’s hard to keep small errors from
creeping in and ramifying—that’s the butterfly effect. Applied mathematicians
have spent decades figuring out how to quantify and sometimes ameliorate
butterfly effects; recent advances in remote sensing and data collection are now

helping to improve the fidelity of the models.

How do we know that a giant model works? Its outputs can be compared to

historical data. The 2022 Assessment Report from the Intergovernmental



Panel on Climate Change shows remarkable agreement between the facts and
the models going back two thousand years. The I.P.C.C. uses models to
compare two worlds: a “natural drivers” world, in which greenhouse gases and
particulate matter come from sources such as volcanoes, and a “human and
natural” world, which includes greenhouse gases we've created. The division
helps with interpretability. One of the many striking figures in the I.P.C.C.
report superimposes plots of increases in global mean temperature over time,
with and without the human drivers. Until about 1940, the two curves dance
around the zero mark, tracking each other, and also the historical record. Then
the model with human drivers starts a steady upward climb that continues to
hew to the historical record. The purely natural model continues along much
like before—an alternate history of a cooler planet. The models may be

complicated, but they’re built on solid physics-based foundations. They work.

f course, there are many things we want to model that aren’t quite so

physical. The infectious-disease models with which we all grew familiar
in 2020 and 2021 used physics, but only in an analogical way. They can be
traced back to Ronald Ross, an early-twentieth-century physician. Ross
developed equations that could model the spread of malaria; in a 1915 paper,
he suggested that epidemics might be shaped by the same “principles of careful
computation which have yielded such brilliant results in astronomy, physics,
and mechanics.” Ross admitted that his initial idea, which he called a “Theory
of Happenings,” was fuelled more by intuition than reality, but, in a
subsequent series of papers, he and Hilda Hudson, a mathematician, showed

how real data from epidemics could harmonize with their equations.

In the nineteen-twenties and thirties, W.O. Kermack and A.G. McKendrick,
colleagues at the Royal College of Physicians, in Edinburgh, took the work a
step further. They were inspired by chemistry, and analyzed human
interactions according to the chemical principle of mass action, which relates
the rate of reaction between two reagents to their relative densities in the mix.
They exchanged molecules for people, viewing a closed population in a

pandemic as a reaction unfolding between three groups: Susceptibles (“S”),



Infecteds (“I”), and Recovereds (“R”). In their simple “S.I.R. model”, “S™s
become “I”s at a rate proportional to the chance of their interactions; “I'’s
eventually become “R”s at a rate proportional to their current population; and
“R”s, whether dead or immune, never get sick again. The most important
question is whether the “I” group is gaining or losing members. If it’s gaining

more quickly than it’s losing, that’s bad—it’s what happens when a covip wave

is starting.

Differential equations model how quantities change over time. The ones that
come out of an S.I.R. model are simple, and relatively easy to solve. (They’re a
standard example in a first applied-math course.) They produce curves,
representing the growth and diminishment of the various populations, that
will look instantly familiar to anyone who lived through covip. There are lots
of simplifying assumptions—among them, constant populations and unvarying
health responses—but even in its simplest form, an S.I.R. model gets a lot
right. Data from real epidemics shows the characteristic “hump” that the basic
model produces—the same curve that we all worked to “flatten” when
coviDp-19 first appeared. The small number of assumptions and parameters in
an S.I.R. model also has the benefit of suggesting actionable approaches to

policymakers. It’s obvious, in the model, why isolation and vaccines will work.

The challenge comes when we want to get specific, so that we can more
rationally and quickly allocate resources during a pandemic. So we doubled
down on the modelling. As the covip crisis deepened, an outbreak of
modelling accompanied the outbreak of the disease; many of the covip-
specific models supported by the C.D.C. used an engine that featured a
variation of the S.I.R. model. Many subdivided S.I.R.’s three groups into
smaller ones. A model from a group at the University of Texas at Austin, for
instance, divided the U.S. into two hundred and seventeen metro areas,
segmenting their populations by age, risk factors, and a host of other
characteristics. The model created local, regional, and national forecasts using
cell-phone data to track mobility patterns, which reflected unprecedented

changes in human behavior brought about by the pandemic.
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S.I.R.s are one possible approach, and they occupy one end of a conceptual
spectrum; an alternative called curve fitting is at the other. The core idea
behind curve fitting is that, in most pandemics, the shape of the infection
curve has a particular profile—one that can be well-approximated by gluing
together a few basic kinds of mathematical shapes, each the output of a well-
known mathematical function. The modeller is then more driven by
practicalities than principles, and this has its own dangers: a pandemic model
built using curve fitting looks like a model of disease trajectory, but the
functions out of which it’s built may not be meaningtful in epidemiological

terms.

In the early stages of the pandemic, curve fitting showed promise, but as time
went on it proved to be less effective. S.I.R.-based models, consistently
updated with mortality and case data, ruled the day. But only for so long. Back
in the nineteen-twenties, Kermack and McKendrick warned that their model
was mainly applicable in an equilibrium setting—that is, in circumstances that
didn’t change. But the covip pandemic rarely stood still. Neither people nor
the virus behaved as planned. sars-CoV-2 mutated rapidly in a shifting
landscape affected by vaccines. The pandemic was actually several
simultaneous pandemics, interacting in complex ways with social responses. In
fact, recent research has shown that a dramatic event like a lockdown can
thwart the making of precise long-term predictions from S.I.R.-based models,
even assuming perfect data collection. In December, 2021, the C.D.C.
abruptly shut down its covip-19 case-forecast project, citing “low reliability.”
They noted that “more reported cases than expected fell outside the forecast

prediction intervals for extended periods of time.”

These kinds of failures, both in theory and practice, speak at least in part to
the distance of the models from the phenomena they are trying to model. “Art
is the lie that makes us realize the truth,” Picasso once said; the same could be
said of mathematical modelling. All models reflect choices about what to
include and what to leave out. We often attribute to Einstein the notion that

“models should be as simple as possible, but not simpler.” But, elegance can be



a trap—one that is especially easy to fall into when it dovetails with
convenience. The covip models told a relatively simple and elegant story—a
story that was even useful, inasmuch as it inspired us to flatten the curve. But,
if what we needed was specific predictions, the models may have been too far
from the truth of how covip itself behaved while we were battling it. Perhaps
the real story was both bigger and smaller—a story about policies and
behaviors interacting at the level of genomes and individuals. However much,
we might wish for minimalism, our problems could require something
baroque. That doesn’t mean that a pandemic can't be modelled faithfully and
quickly with mathematics. But we may be still looking for the techniques and

data sources we need to accomplish it.

Formal mathematical election forecasting is usually said to have begun in
1936, when George Gallup correctly predicted the outcome of the
Presidential election. Today, as then, most election forecasting has two parts:
estimating the current sentiment in the population, and then using that
estimate to predict the outcome. It’s like weather prediction for people—at
least in spirit. You want to use today’s conditions to predict how things will be

on Election Day.

The first part of the process is usually accomplished through polling. Ideally,
you can estimate the proportions of support in a population by asking a sample
of people whom they would vote for if the election were to take place at that
moment. For the math to work, pollsters need a “random sample.” This would
mean that everyone who can vote in the election is equally likely to be
contacted, and that everyone who is contacted answers truthfully and will act
on their response by voting. These assumptions form the basis of mathematical
models based on polling. Clearly, there is room for error. If a pollster
explicitly—and statistically—accounts for the possibility of error, they get to
say that their poll is “scientific.” But even with the best of intentions, true
random sampling is difficult. The “Dewey Defeats Truman” debacle, from
1948, is generally attributed to polls conducted more for convenience than by

chance.



Polling experts are still unsure about what caused so many poor predictions
ahead of the 2016 and 2020 elections. (The 2020 predictions were the least
accurate in forty years.) One idea is that the dissonance between the predicted
(large) and actual (small) margin of victory for President Biden over Donald
Trump was due to the unwillingness of Trump supporters to engage with
pollsters. This suggests that cries of fake polling can be self-fulfilling, insofar
as those who distrust pollsters are less likely to participate in polls. If the past
is any indication, Republicans may continue to be more resistant to polling
than non-Republicans. Meanwhile, pre-election polling has obvious
limitations. It’s like using today’s temperature as the best guess for the
temperature months from now; this would be a lousy approach to climate
modelling, and it’s a lousy approach to election forecasting, too. In both
systems, moreover, there is feedback: in elections, it comes from the
measurements themselves, and from their reporting, which can shift (polled)

opinion.

Despite these ineradicable sources of imprecision, many of today’s best election
modellers try to embrace rigor. Pollsters have long attributed to their polls a
proprietary “secret sauce,” but conscientious modellers are now adhering to the
evolving standard of reproducible research and allowing anyone to look under
the hood. A Presidential-forecast model created by Andrew Gelman, the
statistician and political scientist, and G. Elliott Morris, a data journalist, that
was launched in the summer of 2020 in The Economist, is especially instructive.
Gelman and Morris are not only open about their methods but even make
available the software and data that they use for their forecasting. Their
underlying methodology is also sophisticated. They bring in economic
variables and approval ratings, and link that information back to previous
predictions in time and space, effectively creating equations for political
climate. They also integrate data from different pollsters, accounting for how

each has been historically more or less reliable for difterent groups of voters.

But as scientific as all this sounds, it remains hopelessly messy: it’s a model not

of a natural system but of a sentimental one. In his “Foundation” novels, the
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writer Isaac Asimov imagined “psychohistory,” a discipline that would bring
the rigor of cause and effect to social dynamics through equations akin to
Newton’s laws of motion. But psychohistory is science fiction: in reality,
human decisions are opaque, and can be dramatically influenced by events and
memes that no algorithm could ever predict. Sometimes, moreover, thoughts
don’t connect to actions. (“I can calculate the motion of heavenly bodies but
not the madness of people,” Newton wrote.) As a result, even though election
models use mathematics, they are not actually mathematical, in the
mechanistic way of a planetary or even molecular model. They are
fundamentally “statistical”—a modifier that’s both an adjective and a warning
label. They encode historical relationships between numbers, and then use the
historical records of their change as guidance for the future, effectively looking
for history to repeat itself. Sometimes it works—who hasn't, from time to
time, “also liked” something that a machine has offered up to you based on

your past actions? Sometimes, as in 2016 and 2020, it doesn't.
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Recently, statistical modelling has taken on a new kind of importance as
the engine of artificial intelligence—specifically in the form of the deep

neural networks that power, among other things, large language models, such

as OpenAl's G.PT.s. These systems sift vast corpora of text to create a
statistical model of written expression, realized as the likelihood of given
words occurring in particular contexts. Rather than trying to encode a
principled theory of how we produce writing, they are a vertiginous form of
curve fitting; the largest models find the best ways to connect hundreds of
thousands of simple mathematical neurons, using trillions of parameters. They
create a vast data structure akin to a tangle of Christmas lights whose on-off
patterns attempt to capture a chunk of historical word usage. The neurons
derive from mathematical models of biological neurons originally formulated
by Warren S. McCulloch and Walter Pitts, in a landmark 1943 paper, titled “A
Logical Calculus of the Ideas Immanent in Nervous Activity.” McCulloch and
Pitts argued that brain activity could be reduced to a model of simple,
interconnected processing units, receiving and sending zeros and ones among

themselves based on relatively simple rules of activation and deactivation.

The McCulloch-Pitts model was intended as a foundational step in a larger
project, spearheaded by McCulloch, to uncover a biological foundation of
psychiatry. McCulloch and Pitts never imagined that their cartoon neurons
could be trained, using data, so that their on-off states linked to certain
properties in that data. But others saw this possibility, and early machine-
learning researchers experimented with small networks of mathematical
neurons, effectively creating mathematical models of the neural architecture of
simple brains, not to do psychiatry but to categorize data. The results were a
good deal less than astonishing. It wasn't until vast amounts of good data—Tlike
text—became readily available that computer scientists discovered how
powerful their models could be when implemented on vast scales. The
predictive and generative abilities of these models in many contexts is beyond
remarkable. Unfortunately, it comes at the expense of understanding just how
they do what they do. A new field, called interpretability (or X-A.I., for

“explainable” A.L.), is effectively the neuroscience of artificial neural networks.
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This is an instructive origin story for a field of research. The field begins with
a focus on a basic and well-defined underlying mechanism—the activity of a
single neuron. Then, as the technology scales, it grows in opacity; as the scope
of the field’s success widens, so does the ambition of its claims. The contrast
with climate modelling is telling. Climate models have expanded in scale and
reach, but at each step the models must hew to a ground truth of historical,
measurable fact. Even models of covip or elections need to be measured
against external data. The success of deep learning is difterent. Trillions of
parameters are fine-tuned on larger and larger corpora that uncover more and
more correlations across a range of phenomena. The success of this data-
driven approach isn't without danger. We run the risk of conflating success on
well-defined tasks with an understanding of the underlying phenomenon

—thought—that motivated the models in the first place.

Part of the problem is that, in many cases, we actually want to use models as
replacements for thinking. That’s the raison détre of modelling—substitution.
It’s useful to recall the story of Icarus. If only he had just done his flying well
below the sun. The fact that his wings worked near sea level didn't mean they
were a good design for the upper atmosphere. If we don't understand how a
model works, then we aren’t in a good position to know its limitations until

something goes wrong. By then it might be too late.

Eugene Wigner, the physicist who noted the “unreasonable effectiveness of
mathematics,” restricted his awe and wonder to its ability to describe the
inanimate world. Mathematics proceeds according to its own internal logic,
and so it’s striking that its conclusions apply to the physical universe; at the
same time, how they play out varies more the further that we stray from
physics. Math can help us shine a light on dark worlds, but we should look
critically, always asking why the math is so effective, recognizing where it isn'’,
and pushing on the places in between. In the nineties, David Roberts and
Keith Paulsen sought only to model the physical motion of the gooey, shifting
brain. We should proceed with extreme caution as we try to model the world

of thought that lives there. ¢



