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DEFINING ARTIFICIAL INTELLIGENCE “EXPLAINABILITY” POSITIVE EXAMPLE OF VALIDATION: CARDOSO ET AL. (2016)* WHAT TO DO?

BACKGROUND Al models are highly flexible, often by finding correlations “OUTCOME REASONING” SETUP RESULT 1. Recognize “Artificial Intelligence” as an instrumental use
Artificial intelligence is typically defined in terms of what it in ways that are no longer interpretable. E.g., they may find Many, perhaps most problems, in healthcare involve inter- If the ML model and the clin- They found that chemother- of statistical correlations. In automating tasks, Al
aspires to do (“th[e] activity devoted to making machines correlations after taking multiple nonlinear transformations ventions, and intervention requires knowledge of causality, ical judgment both agreed  apy was worse for patients works—and can fail—in all and exactly the ways that cor-
intelligent”), or what it seems to do (“a set of technologies... of combinations of multiple sets of variables. such that Al may actually not be appropriate. To take the on high risk for metastatic  with high ML risk, and low relations work and can fail. We can reason about poten-
L = . L | o o . . , . . L1 . . . _ )
:cnsplredhby but typlc:IaIIy opira}te quite differently ] Rudin' defines “interpretability” as when models that can exa?pliof h.oslpltaldrea}drplssm;, we c;l\on 'Fdactu.?lly want to breastdcal?ier,hpatlenr':s were cll.nr:cs.l r;}skl.. B.ut ;‘o.r tkhosceII t!al faulurebpomktij by thinking of where and how correla
rom—t e ways people use thelr nervous S)./ste”ms an be understood by looking at them, for example by looking predict o.splta rea . m.|SS|ons, ut.rat er, iaentity prevent- treated with chemot e.rapy. wit | Ign clinical ris .?n. ow tions can break down.
bodies to sense, learn, reason, and take action”), rather at the coefficients of a linear regression model. able hospital readmissions." Even if we had a model that If both agreed on low risk, ML risk, chemo was similar 2. Do not take explanations of how Al models arrive at out-
than how it does so. ol it e £ dols that -~ —— perfectly predicted hospl.tal readmissions, if it could nc.)t pat!ents were not. For those (so, av0|Fi unhelpful pain). puts as explanations of how the world works—Al models
The “how” iS by using statistical correlationS. Rather than, Xp ainablli y IS’ or r.no. els at are no .In eren y inter gU|de us tcwardS hOW tO |ntervene tO deCI’ease readm|3' patlents Whel‘e the mOdel ConCIUS|On: the ML WOUId be are based on COrrelatiOnS bUt underStandingS Of the
like in statistical modeling, trying to reason about correla- pretable, sets of descriptions of how particular model sions, then it would not necessarily be of any use. and clinical judgment dis-  a poor replacement for clini- world are in terms of cau;alit We can (and inherent|
. X line f found Al models find inputs are linked to particular model outputs. . . agreed, patients were ran-  cal judgment, but can help : : a : o
tions (e.g., by controlling for confounders), Al models fin Problems that can be addressed only using correlations e R o do) easily concoct plausible causal stories to explain
optimal sets of correlations that match to an output (in The problem is when we take either our interpretations, or have been called “prediction policy problems,”® “y-hat domized into chemotherapy. catch clinical false positives. these correlations and see that they “make sense”, but
ftatistical termg):chey are often “high—dimens.io.nal” and explanations, to be statements about the world rather than problems,”’? and more recently, “outcome reasoning.”? De- Clinical” risk Clinical” risk we should avoid doing so (correlations is not causation!).
non-parametrlc Stat|St|Ca| mOde|S, bUt Stat|3t|Ca| mOde|S abOUt the mOdeI; and base our trust Of Al mOdels on hOW Spite mu|t|p|e arguments that SUCh problems are Wide_ High Low High Low 3 I I .. Id I " (“t t”)
nonetheless). well explanations fit with our causal intuitions. spread, are they really? Probably not; but they do at least N P Do ot ' a(t;slelg, e.g.c,l a° |n|C|ar|1.,twot;71 c;\r; y aceep trt;sl 2
. . o o | | | S R ‘ High | Treat Wi High | Treat with | EESEHE model based on causality, then Al is unacceptable,
Thus, we can define Al as the instrumental use of statisti- Again in his 2001 article, Breiman? hails statistical “decision exist. Risk via chemo Risk via chemo .. whether or not it is explainable/explained. There might
: - . ” . . machine machine
cal correlations to match t.o previously observed output, and regression trees” as an example of a highly-interpreta- An exemplary case is that of a “gene signature” for meta- earning Do not learning Donot Do not be significant work to do in convincing clinicians that
rather than to use correlations to try and model how the ble model, as exemplified by a presentation he gave to a static breast cancer. In 2002, van’t Veer et al'® published a Low treat with R0y treatwith treat with there are times and places where we do not need cau-
. ) ) chemo chemo chemo
world works. group of Colorado judges for a model of sources of delay study that used a custom statistical decision tree to find 70 sality, and finding how to determine this; but this is what
in criminal courts: genes that correlate with metastatic breast cancer in 117 Fig 2. Schematic diagram of experimental setup and result. we need, rather than addressing technological reluc-
Yy 4¢—— nature <« X “A large decision tree was grown, and | showed it on patients. In the retrospective data, this model was optimal LESSONS tance or skepticism.
i i - better than clinician decision-making at identifying meta- , , : : : :
an c()jve.rhjad agd exp:clarl‘ned IIJF to the ass[e)mb!edl\(fol (static breast cancer): so should we ufe " Certa};nlg i Without this RCT, we would never know how to properly 4. Having explanations of model outputs is neither a neces-
0? EJP‘: dgesl. ne 3 |t € Sp 'tsk:"’as ‘;” 'ﬁt”‘j, N etyt’o . use the correlations! There are issues, like how the true sary not a sufficient basis for relying on Al. We ought to
linear regression W- N | af a' ariefr wayme a}n e O;C]. erB Ny | ning such a tfi{al and ublish}n the resmillts 4 but%che setu target should be “gene signature for responding to chemo- accept or reject Al based on rigorous, out-of-sample
y «——| logistic regression |[€—— X tricts. | refrained from c.ommentmg on this. ‘Ut 45 5 . > S ’ P therapy”, and how the initial model was made from very (preferably experimental) tests of performance, not on
Cox model walked out I heard one judge say to another, 'l knew and result are instructive. little data, but in general this is a good exemplar whether explanations are present and “make sense”.
those guys in District N were dragging their feet’.” ’
Was District N really dragging its feet? Or was it due to,
say, a lack of resources? Decision and regression trees only CAVEATS REFERENCES
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