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ABSTRACT

Artificial Intelligence (Al) is now central to pharmaceutical research and clinical practice across the globe. It
promises faster drug discovery and more precise care. Despite heavy investment, the clinical impact of Al in
medicine remains limited in both high- and low-income settings. This paper argues that the limitation is
philosophical, not only technical. Medicine continues to use disease categories built for 20th century regulation
and billing. When Al systems are trained on these categories, they learn and scale the error. Drawing on Nancy
Cartwright’s concept of “Evidence for Use” in her The Dappled World and on African and Asian critiques of
universalism in medicine, I argue that a treatment’s capacity to work is local. It depends on the specific causal
arrangement in which it was established. The paper uses conceptual analysis, drawing on Cartwright's
philosophy of science and African and Asian philosophy of medicine, with hypertension as an illustrative case,
focusing on salt-sensitive hypertension in West Africa and East Asia. Since Al learns from broad labels, it
reproduces mismatch at scale. To make Al work in medicine, we must rethink biological categories. We must
move from universal labels to mechanism-based categories grounded in evidence for use. The paper shows that
Al bias is rooted partly in biological classification, not only in data quality. It concludes that philosophy is
infrastructure. Without recalibrating categories, Al in medicine will be fast but not good, especially for patients
in Africa and Asia.

of Medicine.

1. Introduction:

From Test Tubes to Transformers, and the Need for
Philosophy

The pharmaceutical industry has changed more in the last 40
years than in the previous 400. In the mid-20th century, drug
development was a chemistry problem. Companies screened
large libraries. Success meant a blockbuster drug for millions
with the same diagnosis (Scannell et al., 2012, p. 569). This
model was built in Europe and North America. It was then
exported worldwide. By the 2000s that model began to break.
Costs rose. Approval rates fell. Pharma turned to Artificial
Intelligence (AI). Al is the use of computer systems to
perform tasks that normally require human intelligence. Since
the 2010s, advances in machine learning and large biomedical
datasets have made Al central to pharmaceutical research
(Jiang et al., 2017; Vamathevan et al., 2019). Al now does
three things in pharma. First, it accelerates discovery. Models
predict which molecules bind to a target (Vamathevan et al.,
2019, p. 437). Second, it improves clinical trials. Al selects
patients and reads imaging (Harrer et al., 2019, p. 2). Third, it

supports clinical decisions. Algorithms read health records and
suggest treatment (Jiang et al., 2017, p. 230).

The promise of Al in pharma is global. In Nigeria, Al tools are
being piloted to screen for hypertension in primary clinics. In
China and Japan, Al reads retinal images to predict
cardiovascular risk. In India, Al is used to triage patients in
crowded hospitals. And yet the central problem remains. Al
tools still do not change outcomes at scale. Many of them fail
when moved from London to Lagos. The usual answer is data
bias (Chen et al., 2021). The data are not diverse enough. This
is true. However, it is not enough. To see why, we need
philosophy. Philosophy of science asks what kinds we use to
carve up the world (Hacking, 1999). Philosophy of medicine
asks how we justify moving from a trial result to a patient
(Deaton & Cartwright, 2018). Bioethics asks who bears the
cost when we get it wrong (Tangwa, 2004). Philosophy
provides the conceptual framework for examining the
assumptions that underpin scientific practice. Its influence
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extends beyond traditional philosophical inquiry into medicine,
public health, economics, Al, and pharmaceutical research,
where philosophical analyses increasingly shape debates about
evidence, causation, fairness, and responsible innovation
(Cartwright, 2007; Hacking, 1999; Topol, 2019).

A critical philosophical view shows the problem is categorical.
We have given Al the wrong kinds to learn from. To fix it we
need Nancy Cartwright. Cartwright is a philosopher of science.
She argues that nature is dappled (Cartwright, 1999, p. 1).
Order is local. A cause has a capacity. That capacity only
works in the right environment. From this she develops
“Evidence For Use.” Evidence for efficacy comes from a trial.
Evidence for use asks if it will work here (Cartwright, 2007, p.
11). African scholars have made a parallel point. Benezet Bujo,
a Congolese ethicist, argues that health must be understood in
context (Bujo, 2001, p. 45). A therapy that works in one
community may fail in another, because the social and
biological environment is different. Godfrey Tangwa, a
Cameroonian  philosopher, ~warns against importing
biomedical categories without asking if they fit local realities
(Tangwa, 2004, p. 189). Asian biocthicists have said similar
things. Ruipeng Pang notes that Chinese medicine has always
stressed pattern differentiation, not one disease one drug (Pang,
2003, p. 112).

We can see this with hypertension. Hypertension is defined by
a blood pressure number (Whelton et al., 2018, p. e13). That
number puts very different people under one name. In West
Africa, hypertension is often salt sensitive and low renin
(Cooper et al., 1997, p. 1482). In East Asia, it is often linked
to high salt intake and stroke risk (He et al., 2014, p. 103). In
Europe and North America, it is often linked to obesity and
high renin. They all get the same label. They often get the
same first line drug. The label was created for convenience. It
made trials and billing possible (Aronowitz, 1998, p. 1321).
Now we have given that label to AI. We train models to
predict hypertension. We train models to treat hypertension.
The Al learns that hypertension is one thing. When deployed
in Accra or in Shanghai, it repeats the mistake.

This is a philosophical problem. It is also an ethical problem.
When AI scales a bad category, patients in Africa and Asia
bear the cost first. They are furthest from the trial populations
used to build the model. This paper makes one claim. To make
Al work in medicine, better than it is doing now, we must
apply Cartwright’s “Evidence For Use” to biological
categories. We must build categories that reflect local biology.
Hypertension runs through the paper as the example. Africa
and Asia run through it as the test. The paper adopts a
conceptual approach. It analyzes Cartwright's philosophy
alongside African and Asian philosophy of medicine, and
applies both to Al using hypertension as the main example.
The argument proceeds in four steps. First, Cartwright’s
philosophy. Second, how current categories create error. Third,
how Al inherits that error. Fourth, how to build expanded
categories. The goal is not to reject Al. The goal is to make Al
useful for all patients.

2. Methodological Approach

This study adopts a conceptual and philosophical analysis
approach. It examines Nancy Cartwright's philosophy of
science, particularly her concept of “Evidence for Use,” and
engages with African and Asian philosophical perspectives on
medicine and contextual knowledge. The analysis applies these
perspectives to the problem of biological classification in
artificial intelligence-assisted medicine, using hypertension as
an illustrative case. The study relies on critical analysis of
relevant philosophical, medical, ethical, and Al literature rather
than primary empirical data.

2. Nancy Cartwright: Why Treatments Don’t Travel

To understand why Al is struggling in medicine we need a
philosophy of how treatments work. The standard view
assumes that if something works in a trial, it works everywhere.
That view is wrong. Nancy Cartwright shows us why.

Nancy Cartwright is a philosopher of science. She taught at the
London School of Economics and now teaches at UC San
Diego and Durham. Her work has shaped how economists,
policy makers, and scientists think about evidence. She argues
against universal laws. She argues for local order. Cartwright’s
central claim is that nature is dappled (Cartwright, 1999, p. 1).
By dappled she means patchy. Some places are highly ordered.
In those places we find regularities. In other places we do not.
The order we find is local. It does not travel automatically.

This comes from her work on capacities. A capacity is a
tendency or power that something has (Cartwright, 1989, p.
142). Salt has the capacity to dissolve in water. A drug has the
capacity to lower blood pressure. Capacities are real even when
not manifesting. The problem is that a capacity only produces
an effect in the right conditions. Cartwright uses aspirin as an
example. According to her, aspirin has the capacity to relieve
headache. That capacity will not help if the patient has a brain
tumour. The capacity is there. The background conditions are
wrong (Cartwright, 1989, p. 144). The same logic applies to all
interventions.

From this she draws a distinction that matters for medicine. She
distinguishes between efficacy and evidence for use
(Cartwright, 2007, p. 11). Efficacy is established in a controlled
setting. We run a randomized trial. We isolate the drug. We
measure the average effect. If the effect is significant, we say
the drug is efficacious. ‘Evidence for use’ asks a different
question. It asks whether the treatment will work in the new
setting where we intend to use it or not (Cartwright, 2007, p.
13). That setting is never identical to the trial. Patients are
different. Clinicians are different. Biology may be different.

This resonates with critiques from outside the West. African
philosopher Godfrey Tangwa argues that Western biomedical
models are often exported as if they were universal (Tangwa,
2004, p. 189). He insists that health interventions must be
judged in relation to local ecology and culture. Benezet Bujo,
from the Democratic Republic of Congo, makes a similar point
in ethics. He argues that moral and medical decisions must start
from the concrete community, not from abstract universals
(Bujo, 2001, p. 45). Asian bioethicists echo this. Ruipeng Pang
notes that Traditional Chinese Medicine has never used one
disease one treatment logic (Pang, 2003, p. 112). It uses pattern
differentiation. The pattern matters more than the label.
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Let us apply this to hypertension. A trial shows that an
Angiotensin-Converting Enzyme (ACE) inhibitor lowers
blood pressure on average (Whelton et al., 2018). That gives
evidence of efficacy in the trial population. The trial excluded
kidney disease. It excluded pregnancy. It used strict adherence.
In the real world the patient may be different. In West Africa
many patients have low renin salt sensitive hypertension
(Cooper et al., 1997, p. 1482). An ACE inhibitor may have
little effect there (Laragh, 2001, p. 264). In East Asia many
patients have stroke prone hypertension linked to high salt (He
et al., 2014, p. 103). The drug still has the capacity to block
angiotensin. The local causal arrangement is wrong for it to
manifest.

Cartwright would say the trial gave evidence of efficacy. It did
not automatically give evidence for use in this patient. To get
evidence for use we need to know the mechanism here. We
need to know if the pathway is active. Cartwright calls well
run trials “nomological machines” (Cartwright, 1999, p. 50).
A nomological machine shields a capacity so it produces a
regular effect. The problem comes when we take the result out
and assume it holds everywhere. Medicine has done that. We
took results from nomological machines and made universal
guidelines. The guideline says first line for hypertension is X.
It does not ask which kind. The label erases the difference. Al
has inherited this habit. Models are trained on data labelled by
diagnosis (Jiang et al., 2017). The label is hypertension. The
model learns the average effect. It does not learn the
conditions under which the capacity manifests.

Cartwright predicted this. She warned that exporting evidence
without attention to local conditions leads to failure
(Cartwright, 2007, p. 19). She wrote about development
policy. The logic holds for medical policy. You cannot take a
result from one place and drop it into another. Some object
that randomized trials give general knowledge. Randomization
averages out differences (Deaton & Cartwright, 2018, p. 2).
Cartwright agrees about internal validity. Her point is about
external validity. A trial tells you what happened in that trial.
It does not tell you what will happen next time (Deaton &
Cartwright, 2018, p. 6). To know that you need a theory of
capacities and of similarities between settings. African and
Asian scholars push this further. They ask whose settings
count as the default. If trials are done in Europe and North
America, then “general” often means “for them.” Tangwa
calls this epistemic injustice (Tangwa, 2004, p. 192). Bujo
calls it a failure of contextual ethics (Bujo, 2001, p. 51).

Subgroup analysis does not solve it. It still starts from the big
label. We ask who among the hypertensives responds. We do
not ask if hypertension is the right starting category (Ioannidis,
2008, p. 244). Cartwright’s framework pushes us to build
categories from capacities up. If two patients have different
pathways to high blood pressure, they may not belong in the
same category for treatment. Even if they share the same
number. This has direct implications for Al. An Al model
cannot infer the right category from the label alone. It needs
better categories. Or it needs to be built to discover them.
Without that, it optimizes for the average and misses the local.

Let us seek to understand this category error better.
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3. The Category Error Behind AI’s Bias in Medicine

Modern medicine classified disease for diagnosis, regulation,
and reimbursement, rather than underlying biology (Aronowitz,
1998). That history matters for Al. The modern pharmaceutical
industry was built after World War II in the US and Europe.
Companies needed large trials. Regulators needed a way to
approve drugs for populations. Insurers needed a code
(Aronowitz, 1998, p. 1321). The solution was the disease
category. A category bundles patients by symptoms or numbers.
It does not require a shared mechanism. Hypertension shows
this history. In the early 1900s blood pressure was easy to
measure. It correlated with stroke. So, it became the definition
(Oparil et al., 2018, p. 629). World Health Organisation (WHO)
and national bodies adopted cut-offs. Anyone above had
hypertension.

This was pragmatic. It allowed large trials. It allowed one label
on a bottle. It worked to save lives. The problem is that the
label was never biological. Pathologists knew there were types
(Folkert & Khan, 1976, p. 1023). Later research found high
renin and low renin (Laragh, 1973, p. 267). Salt sensitive and
salt resistant (Weinberger, 1996, p. 481). None of this changed
the label. Changing it meant changing trials, guidelines, and
billing. That was expensive. So, medicine kept the broad
category. Now we have added AI. Al learns from data
organized by these categories. The Electronic Health Record
(HER) says hypertension. The trial says hypertension. The
model finds patterns in hypertension. It does this well on
average (Krittanawong et al., 2020, p. 131).

The problem is that the average hides structure. The model
learns a category error. It learns hypertension is one thing. In
reality it is many things that share a number. This is why Al
reproduces bias. The bias is not only race or gender in data.
The bias is in the category itself (Chen et al., 2021, p. 453). If
the category groups different biologies, the model will be right
for some and wrong for others. Wrong in a systematic way, and
we see this in drug development. A new antihypertensive is
tested in hypertension. The trial averages over subtypes. Effect
size is modest. The drug is approved for hypertension (Messina
et al., 2021, p. 78). In practice it works in high renin and poorly
in low renin. The AI does not know the difference. It
recommends to everyone with the label.

Cartwright explains this. The trial gave efficacy in a
nomological machine. The machine averaged over
heterogeneity. Outside the machine we lose evidence for use
(Cartwright, 2007, p. 15). Al scales that loss. The problem is
worse in Africa and Asia. Most training data come from the US
and Europe. Cooper et al. showed that hypertension in West
Africa has different salt handling (Cooper et al., 1997, p. 1484).
He et al. showed that in China small salt reductions have large
blood pressure effects (He et al., 2014, p. 105). If an Al trained
on US data is deployed in Lagos or in Beijing, it will misfire.
Bioethicists call this a justice problem. Tangwa argues that
importing medical technology without local validation is a new
form of dependency (Tangwa, 2004, p. 195). Bujo argues that
health is a communal good and solutions must fit the
community (Bujo, 2001, p. 47). Pang argues that Asian
medicine has long recognized that the same symptom can have
different patterns (Pang, 2003, p. 114). Al that ignores pattern



commits the same error as colonial medicine. It assumes one
body.

Some say more data will fix it. Add genomics and proteomics
and Al will find subgroups. This is the hope of precision
medicine (Collins & Varmus, 2015, p. 794). More data helps.
It does not solve the categorical problem. The model is still
trained to predict the label. The loss function rewards the
average for hypertension. The model has no reason to invent a
new category (Wiens et al., 2019, p. 245). Another response is
that clinicians already personalize (Topol, 2019). They try a
drug and switch. Al can support that. This is true. It is
inefficient however. It is not what we promised. We promised
reasoning about mechanisms. We got reasoning about labels.
Categories do more than describe. They guide intervention
(Hacking, 1999, p. 34). When we call something hypertension,
we license a prescription. We license a payment. We license
an Al recommendation. If the category is wrong, all actions
are misdirected. Al makes the misdirection faster. A clinician
sees 20 patients. Al makes 20,000 recommendations. If the
category is wrong, error scales.

Parallels exist in other fields. In education, teaching to the
average fails both ends. In economics, one policy for all
regions fails locally (Cartwright & Hardie, 2012, p. 8).
Medicine is no different. For hypertension the solution is to
split the category. We need high renin hypertension. Volume
dependent hypertension. Vascular stiffness hypertension. In
Africa we need salt sensitive hypertension as its own category.
In Asia we need stroke prone hypertension as its own. Al
trained on those would learn real associations. It would also
need evidence that the treatment works in that category. This
is what evidence for use requires. We cannot assume evidence
from the broad category transfers. We must build evidence for
each narrower category (Cartwright, 2007, p. 27).

Regulators are starting to do that. Food and Drug
Administration (FDA) has biomarker defined indications.
European Medicines Agency (EMA) talks of indication
refinement. Pharma is trying basket trials (Woodcock &
LaVange, 2017, p. 771). These are rare. Most approvals are
still broad. Al will follow incentives. If we reimburse broad
labels, Al optimizes broad labels. If we reimburse specific
configurations, Al optimizes those. This is the paper's central
claim. Al bias is not only a data problem. It is also a category
problem. Current biological categories group together
different causal mechanisms. Al inherits that mistake, because
it learns from those categories.

From the above, we can see the bias in Al for medicine is a
category problem. We gave Al categories built for
administration. Those categories bundle different biologies.
Al learns the bundle and repeats it. In Africa and Asia, the
cost is highest, because the mismatch is largest. It can be
solved if we expand the categories grounded in Cartwright’s
evidence for use however.

4. The Solution:
“Evidence For Use”

Expanded Categories Grounded in

If the problem is categories, the solution is better categories.
Al will not fix medicine by itself. It will fix medicine after we
fix the kinds it learns from. Cartwright gives the principle,
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namely “evidence for use.” A treatment should only be used
where we have reason to think capacities will operate
(Cartwright, 2007, p. 13). That reason cannot come from a
broad label. It must come from a match between treatment and
local setup.

Applied to medicine, this means we stop developing for
hypertension. We develop for biological configurations. High
renin with normal kidney function. Salt sensitive with obesity.
In Africa, low renin salt sensitive. In Asia, salt sensitive with
high stroke risk. These are narrower. They are more real.
Biologists have long argued kinds should track mechanisms
(Boyd, 1999, p. 144). A natural kind shares causal structure.
Members respond similarly to interventions. Medicine drifted
from this. It used symptom kinds because they were practical
(Hesslow, 1993, p. 3). Now we have tools to do better.
Genomics. Metabolomics. Imaging. Al to find patterns.

The task is to use Al to build categories, not just predict in old
ones. Research has identified pathways in hypertension. Renin
angiotensin  driven.  Volume dependent.  Endothelial
dysfunction. Neurogenic (Oparil et al., 2018, p. 634). Each
suggests different treatment. Current trials ignore this. They
enrol anyone above cut-off. They report an average. The
average is small because the drug only works in one subgroup
(Turnbull et al., 2008, p. 1751). Al trained on that learns the
small average. It cannot see the subgroup. If we change
categories, Al changes. Label patients by pathway. Run trials in
those pathways. Al can learn drug A works in pathway 1. That
is evidence for use (Cartwright, 2007, p. 27).

This needs work on three fronts. First, science. Validate
subtypes. Systolic Blood Pressure Intervention Trial (SPRINT)
showed intensive control helps some more (SPRINT Research
Group, 2015, p. 2265). Omics are finding molecular subtypes
(Padmanabhan et al., 2018, p. 115). In Africa, studies show salt
sensitivity is common and predicts response (Cooper et al.,
1997, p. 1483). In Asia, studies show sodium reduction cuts
stroke (He et al., 2014, p. 104).

Second, regulation. FDA and EMA must approve for narrower
indications. They have started. Sacubitril valsartan was
approved for HFrEF not all heart failure (McMurray et al.,
2014, p. 1547). We need the same for hypertension subtypes.
Third, data. EHRs must capture biomarkers. AI must be trained
on richer categories (Jiang et al., 2017, p. 237). In Nigeria,
mobile health tools are already collecting BP plus diet data. In
China, big data platforms link BP to stroke outcomes. These
can define new categories.

Some argue this fragments medicine. If every patient is in a
tiny category, how do we run trials? (Collins & Varmus, 2015).
Cartwright’s answer in economics applies. Bad generalization
is not better than no generalization (Cartwright & Hardie, 2012,
p. 11). A false average helps no one. We do not need infinite
categories. We need categories that cut nature at the joints. The
number will be larger than one and smaller than one million.
The goal is categories where treatments have evidence for use.
Al can help find them. Unsupervised learning can cluster by
biology, not label (Chaudhari et al., 2019, p. 89). Causal
discovery can suggest defining variables (Peters et al., 2017, p.
3). Humans must judge. An algorithm proposes. A clinician



and biologist must decide if it is a real kind. Cartwright insists
evidence for use requires judgment (Cartwright, 2007, p. 21).
You cannot automate exporting a result. You must argue
capacities are present. That needs background knowledge. Al
does not have theory, people do.

African philosophy adds something pertinent here. Bujo
argues for community-based validation (Bujo, 2001, p. 49). A
category is not real until the community sees it working.
Tangwa argues for epistemic humility (Tangwa, 2004, p. 190).
Do not assume your category fits my body. Asian philosophy
adds pattern thinking. Pang shows Traditional Chinese
Medicine (TCM) treats patterns, not diseases (Pang, 2003, p.
115). AI can learn patterns if we let it. For pharma this
changes incentives. Instead of one blockbuster for
hypertension, companies develop several drugs for subtypes.
Each has stronger evidence for use. Trials become smaller.
Approval becomes clearer. Allowing payers to pay for value
in a defined group (Kesselheim et al., 2016, p. 860).

This is already in oncology. Lung cancer is Epidermal Growth
Factor Receptor (EGFR) mutated or Anaplastic Lymphoma
Kinase (ALK) positive. Drugs are approved for those
(Lindeman et al., 2018, p. 91). Al in oncology is trained on
those. It performs better. Medicine needs the same in chronic
disease. We can start from hypertension. If we do it there, then
we can do it in diabetes, depression, asthma. This we show the
philosophical pays-off too. Cartwright’s Dappled World
means expect local regularities (Cartwright, 1999, p. 23).
Medicine tried universal laws through broad labels. Al made
that global. The fix is to respect dappled biology. Build
categories that match it.

This does not mean abandon guidelines. It means conditional
guidelines. If pathway A, use X. If pathway B, use Y. then, Al
can deliver conditionals at scale. To be clear this is not
replacing clinicians. It gives better tools. A clinician with Al
trained on better categories makes better decisions. A
regulator with better categories makes better approvals. Al can
help better then. Else, the alternative is the current system. Al
accurate on average and wrong for many. Drugs that work in
trials and disappoint in practice, that causes us to blame the
algorithm. Cartwright would say blame is misplaced. The
problem is upstream. It is in how we carved the world before
data collection (Cartwright, 2007, p. 4). So, the prescription is
thus: Rethink biological categories. Ground them in
mechanisms. Test in those categories. Train Al on those. That
is evidence for use. And do it with Africa and Asia at the table,
not as an afterthought.

5. Conclusion: Philosophy as Infrastructure for Al in
Global Medicine

The pharmaceutical industry has moved from chance to design.
From small labs to global trials. Now to machine pattern
recognition. Al is the newest tool. The promise is global. Al
can read millions of papers. It can propose molecules. It can
flag risk (Jiang et al., 2017, p. 231). In Nigeria, Al screens BP
in markets. In China, Al predicts stroke from retinal scans. In
India, Al triages in crowded wards. The disappointment is also
global. Most Al tools do not change care. Many drugs fail in
late trials. Many algorithms are shelved (Topol, 2019, p. 52).
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We ask why technology is not delivering. This paper argues the
answer is not more data. It is better categories.

We gave Al categories built for billing in the 20th century.
Those bundle patients by a number. Hypertension is the
example. One label for many problems. When Al learns from
that label it learns the error. It treats different biologies as the
same. It scales that mistake. That is Al bias in medicine (Chen
et al. (2021; Wiens et al., 2019). Nancy Cartwright helps us see
it. She claims nature is dappled (Cartwright, 1999, p. 1).
Causes have capacities that need conditions (Cartwright, 1989,
p. 142). Efficacy does not equal “evidence for use” (Cartwright,
2007, p. 11).

African and Asian thought adds the same point from another
angle. Bujo says health is communal and contextual (Bujo,
2001, p. 45). Tangwa says exported biomedicine must be tested
locally (Tangwa, 2004, p. 189). Pang says Asian medicine
treats patterns, not labels (Pang, 2003, p. 112). All agree.
Context matters. Applied to medicine this means stop training
Al on broad labels. Build categories that track mechanisms.
Run trials in those. Approve drugs for those. Pay for treatment
in those. Only then does Al have evidence for use.

This is not against standardization. Guidelines save lives. The
argument is that standards should be conditional and biological.
We see it working in oncology. Lung cancer is not one disease
(Lindeman et al., 2018, p. 91). Al in oncology is trained on
those distinctions. It works better. Hypertension can be next.
We know the pathways (Oparil et al., 2018, p. 634). We have
drugs for pathways. We have data to define subgroups. In West
Africa, salt sensitivity is key (Cooper et al., 1997, p. 1482). In
East Asia, salt and stroke is key (He et al., 2014, p. 103). What
we lack is will to reorganize.

Pharma has incentive. Smaller trials in defined groups are
cheaper. Higher effect sizes mean better approval. Clearer
evidence for use means better reimbursement (Kesselheim et
al., 2016, p. 860). Regulators have incentive. They want drugs
that work in practice. Patients have the biggest incentive. They
want treatment for them, not for an average. Al sits in the
middle. It amplifies whatever categories we give. Bad
categories give bad medicine faster. Good categories give good
medicine faster. That is why philosophy matters. The
contribution of this paper is philosophical. It argues that Al
bias begins before model training. It begins with the biological
categories used to organise medical evidence. Drawing on
Cartwright's “Evidence for Use,” the paper shows that better Al
requires better biological categories, not only better data.

The three steps that followed are: First, science must identify
stable subtypes with global input. Second, policy must reward
narrower indications. Third, Al development must start with
ontology. Ask what kinds the model will learn. If we do this,
Al in medicine will change. It will stop automating the status
quo. It will help make better categories and better decisions.
The pharmaceutical industry was built on categories for its time.
Al is built on those same categories. The world has changed.
Our biology has not. Our tools have. We should change
categories to match biology. Cartwright gives the reason. Bujo
and Tangwa give the ethical demand. Pang gives the
methodological alternative. Hypertension gives us a good



example to start with. Africa and Asia give the urgency. Al
gives the opportunity. If we take it, medicine will be more
precise. Al will be more useful. And patients in Lagos, in
Shanghai, and in Boston will get treatment with evidence for
use.
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