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Abdract. We view Bayesian data analysthe iterative process of model building,
posterior inference, and model checkkuag fitting well within an errestatistics or
hypotheticedeductive philosophy of science, with posterior inference playing thefrole o
“nor mal nodelckenkmegalldwing falsification, and model building providing
the potential for progress in normal science (for small changes in a model) or scientific
revolutions (for larger revaluations).

Our practical experience and oesponding philosophy differs in from usual
presentations of the philosophy of statistics in two ways. Miestonsider posterior
probabilities to be a form of scientific measurement rather than as subjective statements
of belief. Secondye perform Bgesian model checking by comparing predictions to
observed data (in a generalization of classical statistical hypothesis testing), rather than
by attempting to compute posterior probatektiof competing models.

This chapter presentsur own perspectiven the philosophy of Bayesian statistics, basedwn
idiosyncratic readings of the philosophical literature and, more importantigxperiences

doing applied statistics in the social sciences and elsewhbnek of this as twetatistical

practitiorers perspective on philosophical and foundational conceisat we bring to the

table are our substantive claims about actual social science research, and we attempt to explain
those practices here.

We aremotivated to write this chapteut of dissasfaction with what weerceive as the
standard view of the philosophical foundations of Bayesian statistics.

Her e’ s takdashe standard view:

- Bayesianinferenceg' i nv er s e -45subjéctve andhdudttiye; learning about the
general fromthe particular.The expression p(i) says it dt the Bayesian learns the
probability that a hypothesis H is true, given ddtathe conventional viewhis is
completely different frontlassicafrequentiststatistics which is based onill hypothess
testing, that is, falsification.

! For theOxford Handbook of the Philosophy of the Social Sciendésthank Igor Carron, Deborah Mayo, and

Harold Kinkaidfor helpful discussionand the National Science Foundation, Institute of Education Sciences,
Department of Energy, andaonal Security Agency for partial support of this work.

% The original Figure 1 had some errors. We inserted a corrected version on 12 June 2011.

® The socalled Bayesian hypothesis test, in which a null hypothesit an alternative hypothesis &te created,

and then one computed their relative posterior probabilitiesya(B(H.|y), is an attempt teeproduce the aims of
hypothesis testing in an inductive framework that is not based on falsification. For reasons we discuss in the present
article, we do not think the Bayesian hypothesis test as described here makes muefit semsout to be

completely sensitive to aspects of the model that are untestable from data and are in practice typically set based on



- The paradigmatic setting of Bayesian inference is the computation of tleeigost
probability of hypotheses, with scientific progress represented by the updating of these
probabilities.

To give a quick sense ofur position, weagree essentially entirely with Greenland (1998), who
attributes to Karl Popper the following attit
argument based on observed repetition of instances that dadsaiatvolve a hypothesis #t
predicts both those repetitions and the unobs
statistical modelare a tool that allow us to do inductive reasonimg deductive framework.

In taking a broadly Popperian perspective, we arenohtorh t i ng t o many of Pop
ideas such as the existence of a logical criterion for demarcating science from conscience or that
there is something called collaboration of a theory which is central to science but provides no
evidence for the truthf@ theory. Rather, what we view as central is the scientdicd

statistical-ideal ofbuilding serious models that make strong predictions, leaving themselves

wide open to being falsified by data. ThisSis ever e testing”™ i n96he ter
who works in a frequentist framework but whose ideas, we believe, are equally applicable to

modern Bayesiadata analysis.

What is salient about osocial science research experiences isthigamodels are all wrong. As
we like to say, our modslare not merely falsifiable, they are also fal§e! put it another way,
we areconfident that, by gathierg a moderate amount of data, we could reject any model we
have ever fit to data.

From “null hypothesis testing” to “model checking”

We write thatin our applied work, we fit complex models and check them with data, and we
characterize model checking as central to statistical learning. This perspective differs in both
philosophy and practice from the two dominant conceptions of the philosoptafistics:

1. Classical frequentist inference is centered upahhypothesis testingyith the goal
often being to reject the null, for example demonstrating that two distributions are not in
fact identical or that a particular parameter is not exactly. zer contrast, our models
are not null hypotheses but rather complex structures within which one can learn about
parameters of interest.

2. The dominant strain of Bayesian philosophy, as presented by Savage (1954) and others,
subsumes inference within dsicin theory and treats all probabilities are subjective. In
contrast, we agree that probabilities are mal#glendent, but we treat statistical models
as testable and thus as potentially objective as any other scientific measurements.

We are not claiminghat our approach to applied statistics is optimal or even, in many cases,
gualitatively different from other methodologies. For example, there is adextloped

conventional rules-but at this point all that is relevant is that, in the standard view, Bayesian inference is based on
updatingthe probability that hypotheses are trmeton setting models up for potential falsification.



classicaframework of estimatiomrediction and multiple comparisons which can handle
complex models without recourse to the Bayesian formalism.

What we are claiming is Bayes need not be associated with subjectivity and inductive reasoning.
It is possible to work within a modehecking, errostatistical framework without being tied to
classical null hypotheses. And, conversely, one can use Bayesian methods without being
required to perform typically meaningless task of evaluating the posterior probability of models.

The usual story

Is statistical inference inductive or deductive reasgh What is the connection between
statistics and the philosophy of science? Why do we care?

Schools of statistical inference are sometimes linked to philosophical approaches. "Classical”
statistics-as exemplified by Fisher'syalues and Neyman's hypessis testsis associated with

a deductivePopperianor errorstatisticalview of science:a hypothesis is made and then it is
tested. It can never be accepted, but it can be rejected (that is, falsifrett)e language of

Mayo (1996), statisticsral science interact via the design and analysis of experiments that yield
severe tests of models.

Bayesian statistiesstarting with a prior distribution, getting data, and moving to the posterior
distribution--is associated with farmal inductive apprazh in which new information is

smoothly integrated into scientific understanding via the updating of posterior probabilities of
competing hypotheses, paradigms, or statistical models.

Ourdisagreement with the usual philosophical understanding of stsitsth be conveniently
expressed with referencettee following passage from thiee Wikipedi& entry on Bayesian
statistics:

Bayesian inference uses aspects of the scientific method, which involves collecting
evidence that is meant to be consistenhoomnsistent with a given hypothesis. As
evidence accumulates, the degree of belief in a hypothesis ought to change. With enough
evidence, it should become very high or very low. . . . Bayesian inference uses a
numerical estimate of the degree of bele& hypothesis before evidence has been
observed and calculates a numerical estimate of the degree of belief in the hypothesis
after evidence has been observed. . .. Bayesian inference usually relies on degrees of
belief, or subjective probabilities, the induction process and does not necessarily claim
to provide an objective method of induction. Nonetheless, some Bayesian statisticians
believe probabilities can have an objective value and therefore Bayesian inference can
provide an objective methaaf induction.

This storydoes not fit applied Bayesian statistics as we have experiendextcept in some
very narrowly construed problems, we do not
meaningful scientific statement, we do not considebabilities to be subjective (or, at least, no

*We are citing Wikipedia not as an authoritative source on philosophy or statistics (let alone the combination of the
two) butrather as a handy indicatof current consensus.



more subjective than any other aspects of scientific modeling), nor do we believe Bayesian
inference to provide a method of induction, if that is meant to imply a direct mapping from data
to posterior probabties of hypothesesWe elaborate on these points below.

Our alternative story

We have no quarrel with the general idea that scientific knowledge builds upon the past, or that
we can learn inductively from the particular to the general. As has hegnelalized, induction
is most effective within the context of a good model.

Our key departure from the usually expressed Bayesian philosophy is that we pereneed

two kinds of learning:inference about parameters within a model and decisiveiogjsaif

models that have forced us to improve or simply replace earlier paradigms. In our applied work,
we havenotfound ourselves making gradual conceptual transitions based on evaluations of
posterior probabilities of models.

Our progress in appliemodeling has fit the hypothetiedeductivepattern pretty well:we build

a model out of available parts and drive it as far as it can take us, and then a little Y&tber.

the model breaks down, we take it apart, figure out what went wrong, andwititkét;, or else

try a radically new designin either case, we are using deductive reasoning as a tool to get the
most out of a model, and we test the medtak falsifiable, and when it is falsified, we alter or

abandon it.To give this storya litdKu hni an f |l avor, we alheewedoi ng *
apply the deductive reasoning and learn from a model, or when we tinker with it to get it to fit
the data, and occasionally®@ ugh pr obl ems bui | dishelpfu.t hat a “ne

OK, all fine. But the twist is that we are using Bayesian methods, not classical hypothesis
testing. We do not think of a Bayesian priorstlibution as a personal belieéther, it is part of a
hypothesized model, which we posit as potentially useful and abandanexgtémt that it is
falsified.

Subjective Bayesian theory has no place for falsificaticamior distribution, except to the
extent that it can be placed within a larger model in competition with other candidate prior
distributions. But if we think ofthe model just as a set of assumptions, they can be falsified if
their predictionsour deductive inferenceslo not fit the data.

Here’ s an exampl e of wththagdtandard vimwbBayesiad earning o b e a
about modelsInthe 1800s,py si ci st s bel i eved t hatudeNewt on’ s
potentially expressible &r (Newton| information available as of 1899 0.99. But after
Einstein’s theory came out and was tes|ted by
informaion available as of 192G 0.999 and Pr (Newtgnnformation available as of 199

0.001, or something of the sort.

We see two big problemasith this standardcapproach First, a lot of data and analysis showed
critical pr obl esrsenilthe rélatividtec alteroative bad hoabeen proposed.
Quantum states, the blackbody paradox, the stabflitysoatom, and all the rest. We would like
ourphi l osophi cal mo d e | t o b-¢o0 revdall serious problemsavijthe ¢ t



it—without the need for an alternative that beats it under a likelihood ragaan or any
other®

The second problem with this framing is that
is true either. Relativity has problems too, and re$esis have been working for decades to

come up with possible alternatives. In this search for new models, the various falsifications of
classical relativity theory have been cruci al
“r ej ect edtfe pdrticular ways thht it does not correspond to réality.

Why does this matter?

Philosophy matters, even to practitioners, because philosopbgdsas a guide to practice. We
believe that the idea of Bayesian inference as inductive, culminatthg computation of the
posterior probability of scientific hypotheses, has had malign effects on statistical practice. At
best, the inductivist view has encouraged researchers to fit and compare models without
checking them; at worst, theorists havewaty discouraged practitioners from performing

model checking because it does not fit into their conventional framework.

In contrast, hilosophy of deductive reasoning, accompanied by falsifiability, gives us a lot of
flexibility in modeling. We do ot have to worry about making our prior distributions match our
subjective knowledge, or about our model containing all possible tritbead we make some
assumptions, state them clearly, and see what they iniplgn we try to falsify the modethat

is, we perform posterior predictive checks, creating simulations of the data and comparing them

0One might think it possi bl eNetwd osni, mip lwh oisnec |pu doeb agbni |a lttye n
toward 1 as new evidence arise to contradict Newton’ s |
appy t he Bayesian formulation, one weutdo nne'e dantdo tshpiesc iwf oy
nothing so simple as merely taking a parameter in the model and allowing it to vary. Our whole point in this
exampl e i s that Nfedin decisivessandirdgedesting wakesfereahyacbherent alternative had
been specifiedT he second r edeot owliy gtatmdbi tnatoul d not wor k, at |
modern era we recognize that all scientific models have holesrmthe Ei nst ein’ s relativity h
integrated with quantum mechanics; the familiar probability calculations of genetics are, given the complexities of
live cells, only approximations; the laws governing chemical interactions need modificatiorextrdare
conditions; and so on. Socistience models tend to be even more contingent and full offuaasider, for
example, supply and demand curves, spatial models of voting, and probability distributions for social ratvabrks
t h e -Nenwtto erffativaih dny of these fields, were it even possible to express such a thing, could safely be
assigned the probability of 1 withotlite need to gather any data at all.
Our point here is not that it is impossible to compare models but merelyrtat, the traditional Bayesian
paradigm in which one evaluates the posterior probability of models, it is not possible to reject a model without
comparing it to a specific alternative. We find this aspect of the theory unfortunately, given that in iear appl
research we routinely reject models by themselves. In fact, it is often the information gained in a falsification that
gives us direction in searching for a reasonable improvement to the model. Flexiblendpdrmodel checking is
well known in stéistical graphics (see, for example, Tukey, 1977) but has no formal place in the traditional
Bayesian philosophy of statistics. S&elman (2003jor further discussion of this issue.

® As Sober (1991) notes, concepts such as simplicity of a model magrdspecific and cannot merely be expressed

in terms of mathematical structure. This relates to our point that a model check necessarily relates to some aspect of
interest of observable reality; even acsdled omnibus tesif a model represents somejerction in a high

dimensional space. Similarly, Day and Kincaid (1994) argue that the choice of best explanation in any field is
domain specific, which is consistent with the statistical idea that model choice must be based on utilities rather than
posteior probabilities alone.



to the actual dataThe comparison can often be done visually; see chapteBéyesian Data
Analysis(Gelman et al., 2003pr lots of examples.

Weassocia e t hi s “ o lappmackmaking stBreg gssusnptisrand then testing
model fit-with the work ofthe philosophicallyminded physicisE. T. Jaynes. As he has
illustrated(Jaynes, 19831996, the biggest learning experience can occur when wieliat our
model does not fit the datthat is, when it is falsifiedbecause then we have found a problem
with our underlying assumptions.

Conversely, a problem with the inductive philosophy of Bayesiarsttatiin which science

“ | e aby wmpdatinghe probabilities that various competing models are-igithat it assumes
that the true model is one of the possibilities being considdred. can does not fit our own
experiences of learning by finding that a model doesn't fit and needing to égand! the
existing class of models to fix the problém.

Wefear that a philosophy of Bayesian statistics as subjective, inductive inference can encourage
a complacency about picking or averaging over existing models rather than trying to falsify and
go further. Likelihood and Bayesian inference are powerful, and with great power comes great
responsibility. Complex models can and should be checked anifi &ils

Example: Estimating voting patterns in subsets of the population

In recent years, politi¢acientists have been increasingly interested in the connections between
politics and income inequality (see, for example, McCarty, Poole, and Rosenthal, 2006). In our
own contribution to this literature, we estimated the attitudes of rich, miicthene and poor

voters in each of theffy states (Gelman, Park, et al., 2008s we described in our article on

the topic (Gelman, Shor, et al., 2008), we began by fitting a vaiytagcept logistic regression:
modeling votes (coded as y=1 for votestfog Republican presidential candidate or y=0 for
Democratic votes) given family income (coded in five categories from low to highds 0, 1,

2), using a modedf the form, logit Pr(y=1) =gt bx, where s indexes state of resideribe

model is fitto survey responseand the varying interceptg @rrespond to some states being

more Republicatheaning tha others. Thus, for examplelas a positive value in a conservative
state such as Utah and a negative value in a liberal state such as i@alifdwn coefficient b
represents the “slope” of income, and its pos
voters are more likely to vote Republican.

Anyway, it turned out that this varyiAagtercept model did not fit our data, as we learbgd

making graphs of the average survey response and fitted curves for the different income
categories within each state. We had to expand to a vantergept, varyingslope model:

logit Pr(y=1) = @+ b, in which the slopesslvaried by state as We This modelexpansioried

to a corresponding expansion in our understanding: we learned that the gap in voting between

'See the earlier footnote for an explanation why one ca
hypothesis that represents the space of possible alternatives to the models being studied. In short, thdhg is genera

now way to set up such a catchall as a probability model; and if it were possible to formulate a catchall hypothesis, it
would (in all the applications we have ever worked baye a probability of 1: all the models we have ever used

have been wrong.



rich and poor is much greater in poor states such as Mississippi than in rich states such as
Connecticut. Thus, the polarizationtween rich and poor voters varied in important ways
geographically.

We found this not through any process of Bayesian induasarsually defined (via the

computation of the posterior probabilities of competing hypotheses, paradigms, or scientific
modelg but rather through model checking. Bayesian inference was crucial, not for computing
the posterior probability that any particular model was-tvue did not do thatbut in allowing

us to fit rich enough models in the first place that we could stadtststate variation,

incorporating in our analysis relatively small states such as Mississippi and Connecticut that did
not have large samples in our survey.

Life continues, though, and so do our statistical struggles. After the 2008 election, wd teant
make similar plots, but this time we found that even our more complicated logistic regression
model did not fit the dateespecially when we wanted to expand our model to estimate voting
patterns for different ethnic groups. Comparison of datd tedito further model expansions,
leading to our current specification, which uses a varyitgycept, varyingslope logistic
regression as a baseline but allows for nonlinear and evemanatonic patterns on top of that.
Figure 1 shows some of ourfénences in m@aform, andrigure 2 shows some of tlata and
model fit.

Again, the power of Bayesian inference is deductive: given the data and some model
assumptions, it allows us to make lots of inferences, many of which can be checked and
potentiallyfalsified. For example, look at New Yorkt&e (in the bottom row of Figure 2):
apparently, voters in the second income category supported John McCain much more than did
voters in neighboring income groups in that state. This pattern is possiblatouisiés

suspicion. A careful look at the graph reveals that this is a pattern in the raw data which was
moderated but not entirely smoothed away byroadel. The natural next step couldtbe

examine data from other surveys. We may have exhaustedwltain learn from this

particular dataset, and Bayesian inference was a key tool in allowing us to do so.

Inductive inference and the Kuhnian paradigm

We see Bayesian data analysis, really, applied statistical analysis in geneed fitting well

into the falsificationist approaefasliong as we recognize that data analysitudes model

checking (as in Chapter 6 Gelman et al., 2003as well as inference (which, as far as we can

seeg is purely deductiveproceeding from assumptions to conclusjonse s, weindl ear n,
shortterm sense, from Bayesian inferenapdating the prior to get the posteribut this is

more alongthelie of what a Kuhni an nmhegdaltdearcirg tomesinn or ma |
the modelchecking stage, when we cagect a model and move forward. The inference is a

necessary stage in this process, however, as it creates the strong conclusions that are falsifiable.

We don't see Bayesian statistics as subje¢avg more than any science is subjective in the
choiceof problems to study and data to focus.oWe see a Bayesian model as a clear set of
assumptions, whose implications are then deductively evalu@iteslassumptions can be



subjective but they need not-bexcept to the extent that all statisi procedires are
“ s ubj éenaeguirmgesdme choice of what to do.

In ourview, a key part omodelbaseddata analysis is model checkinghis is where weee the

link to falsification. To take the most famous example, Newton's laws of motion really have

been falsified. And we really can use methods such asscfuiared tests to falsify little models in
statistics. Now, once we've falsified, we have to decide what to do next, and that isn't obvious. A
falsified model can still be useful in many domains éagain, Newton's laws are the famous
example).But welike to know that it's falsified.

In our ownphilosophy of statistic&erived, in part, from ouswn readings, interpretations, and
extrapolations of JayneBppper and Lakatos the point of faldiying a model is not to learn that

the model is fale-certainly, all models that ixee ever considered are false, which is why the
chi-squared est i s someti mes descr i-lweratheracslearmthé meas ur
ways in which a model is fads Just as with exploratory data analysis, the goal is to learn about

aspects of reality not captured by the model Gelenan, 2003for more on this).

So,yes, the go al(asweee it)fisanbt soiddmiorsteate falsity But rather tanlear
particular aspects of falsityVe are interested in learning abdatvs in a model without
needing a new model to compare it to.

A standard view oBayesiarmodel @mparison is that youst throw a new model into your
class of explanations, and selatvcomes outaving the best posterior oddshis doesn't really
work forus at least noin the poblems wése worked on.

Example: Estimating the effects of legislative redistricting

Our stories of model rejection and nevodels are more on the lisef: We fitted a model

comparing treated and control units (in the particular exathptecomes to mindhese are state
legislatures, immediately after redistrictings or not), and assumewalstant treatment effect (in

this caseparallelregressionil nes i n “ af plast with thedreatnteri efféeco r e ”
representing the difference between the lin¥8g made some graphs and realized that this

model made no sens&he control units had a much steeper slope than the treated \Meitht

a newmodel, and it had a completely different story about what the treatment effects meant. The
graph falsified the first model and motivated us to think of something bdttergraph for the

new model with interaions is shown ifrigure 3 For us falsification is about plots and

predictive check. Not aboutBayes factors or posterior probabilities of candidate models.

Connections to Popper’s falsificationism

To get back to the philosophers: Waspecthat ourPopperianism followshe ideas of an

idedized Popper (following Lakatos, 197&ho introduced the concepts of Popp&opper,

andPoppert o capture different extrapolations of h

Apparentlythe actual Popper didn't want to recognmobabilistic falsification. When one o$
read(or attempted to read)he Logic of Scientific DiscoveBp years or so ago, ve&ipped over



the probability parts because they seemed full of utopian and probably unrealizable ideas such as
philosophical definitions of randomnesBut the idea bfalsification--and the dismissal of

“I ' nduct i v-avelltmfpart resonatedt/e ' on &opper's sid@ not believing in

“ i n d u astamode 6f inferencéVedontmi nd “ i nndhe sehse of prédiction and
minimum-descriptionlength (wth more data in a time series, we should be able to better form an
accurate prediction rule using fewer bits to desdtieerule) but "induction” doesn't fit our
understanding of scientific (or socistientific) inference.

The main point where wdisagee with many Bayesians is that denotthink that Bayesian

methods are generally useful for giving the posterior probability that a model is true, or the
probability for preferring model A over model B, or whatevBayesian inference is good for

dedudive inference within a model, but for evaluatinadel, weprefer to compare it to data

(what Cox and Hinkleyl974,c al | “ pur e s i)wgithoufreqairengticacanéwe st i ng”
model be there to beat it.

The fractal nature of scientific revolutions

With all this discussion dkuhn and scientific revolutionsye have been thinking of the
applicability of these ideas to owmwn research experiences.

At the risk of being trendy, weould characterize scientific progress as-seffilar (that is,
fractal). Each level of abstraction, from local problem solving tegiure saénce, features
progress of t hype, gunctuaten byl occasmnaleavauéichs. The revolutions
themselves have a fractal time scale, with small revolutions occtairhgfrequently (every

few minutes for an exaitype problem, up to every few years or decades for a major scientific
consensus)This is related to but somewhat different from the fractafitpubjectmatter
discussed by Abbott (2001).

At the largestevel, human inquiry has perhaps moved from a magical to a scientific paradigm.
Within science, the dominant paradigm has moved from Newtonian billiard balls, to Einsteinan
physics, to biology and neuroscience gedhaps to developments such as nanotgog.

Within, say, psychologythe paradigm has moved from behaviorism to cognitive psychology.
But even on smaller scales, see paradigm shiftd-or example, in working on an applied
research or consulting problem, typically will start in a certiaa direction, then suddenly

realize we wer¢hinking about it wong, then move forward, and so fortim a consulting

setting, this reevaluation can happen several times in a couple of Baw@slightly longer time
scale, we commonly reassess appoach to an applied problem after a few months, realizing
there was some key featuwe weranisunderstanding.

Thus, wesee this normascience and revolution pattern as fundamentéhich, wethink, ties
nicely into ourperspective of deductiveferencgBayesian or otherwise)s normal science and
model checking as potentially revolutionary

In conclusion, wemphasize that this chapter is our attempt to connect modern Bayesian
statistical practice with falsificationist philosophy of science, and doespresent anything
like a comprehensive overview of the philosojafyscience literature. Because we feel the



status quo perception of Bayesian philosophy is wrong, we thought it more helpful to present our
own perspective forcefully, with the undenstling that this is only part of the larger

philosophical picture.
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Did you vote for McCain in 20087
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When a category represents less than 1% of the voters in a state, the state is left blank

Figure 1 Basedn a model fit to survey data: states won by John McCain and Barack Obama
among different categoried income and ethnicity (Gelman, Lee, and Ghitza, 20Bates

colored deep red and deep bludidate clear McCain and Obama wins; pink and light blue
represent wins by narrower margins, with a continuous range of shades going to pure white for
states estimated at exactly 50/50.



2008 election: McCain share of the two-party vote in each income category
within each state among all voters (black) and non-Hispanic whites (green)
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Figure 2 Data and fitted model used noake the maps shown in Figul. Dots are weighted
averages from pooled Juh®dv Pew surveys; errdrars show +/1 standard error bounds.

Curves are estimated using itilavel models and have a standard error of about 3% at each

point. States are ordered in decreasing order oC&In vote (Alaska, Hawaii, and D.C.
excluded).We fit a series of models to these data; only this last model fit the data well enough
that we were satisfied. In working with larger datasets and studying more complex questions, we
encounter increasing pprtunities to check model fit and thus falsify in a way that is helpful for

our research goals.
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Figure 3 Effect ofredistricting on partisan biagach symbol represents a state election year,
with dots indicatingontrols (yeas with no redistricting) and the other symbols corresponding to
different types of redistrictingAs i ndi cated by the fitted | ines,
predictive of t he ‘tasdsthanrorthetraated (eedidtrictingdds.ilfee cont r
dominant effect of the treatment is to bring the expeeadae of partisan bias toward 0, and this
effect would not be discovered witihe usual approach, which is to fit a model assurpargllel
regression lines for treated and control cases

The relevance of this example to the philosophy of statistics is that we began by fitting the
usual regression model with no interactions. Only after visually checking the medeidfithus
falsifying it in a useful way without the specificatiohamy alternative-did we take the crucial
next step of including an interaction, which changed the whole direction of our research. The
paradigm shift was induced by a falsificatianbit of deductive inference from the data and the
earlier version of or model.



