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ABSTRACT

Artificial intelligence is often framed through questions of benefit and risk, yet its effects arise from how it reshapes
the conditions under which knowledge is produced and acted upon. This paper examines Al for social good as a set of
practices that extend the capacity to observe, classify, and infer at scales beyond human perception. These systems change
what becomes visible, how that visibility is interpreted, and who is positioned to make use of it. As machine inference
assumes more of the observational and interpretive load, authority shifts toward the institutions that design and govern
these tools. The analysis identifies accountability, transparency, and equity as the practical conditions that determine
whether Al strengthens or weakens the communities and environments it touches. The aim is to clarify how Al reorga-
nizes the relationship between observation, judgment, and responsibility within projects framed as socially beneficial.
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Introduction

Public unease about artificial intelligence resembles
moments in history when societies confronted far-reach-
ing technologies'; technologies so universal that they fall
under the term general purpose technologies (GPTs). Peo-
ple often place greater weight on what might be lost when
the familiar gives way to the new, a tendency shaped by
well-documented cognitive inclinations that favor stabili-
ty over uncertainty®’. These reactions surfaced around
steam power, internal combustion, electrification, and
digital computing, each of which arrived with strong ex-
pectations of progress and a parallel sense of risk.

Al is the latest GPT entry, but where it diverges from
earlier GPTs is in its direct extension of human cognitive
processes. Previous GPTs augmented perceptual reach or
mechanical capability. Al, by contrast, operates on the
level of inference and reasoning, effectively externalizing
functions once confined to the human mind*®. For the first
time, technological development is directed toward mod-
elling and amplifying the processes of cognition itself.
Systems that predict protein structures, draft legal argu-
ments, or allocate medical attention work in domains pre-
viously reserved for human judgment. These capabilities
change how knowledge is produced and who is positioned
to produce it, and they reshape the conditions under which
people and communities become visible to institutions®.

Because of this, the question should not be whether
Al inspires fear or enthusiasm. What matters is how Al

reconfigures visibility, authority, and the practical con-
ditions under which people receive care, assistance, or
recognition. A village in Niger becomes legible on a map
that once omitted it; a premature infant receives timely
screening despite the absence of local specialists; a con-
servation team detects species declines that would oth-
erwise go unnoticed. The same systems can expose dis-
sidents, misclassify civilians, or render whole
communities invisible when they fall outside the catego-
ries a model relies on’.

This paper examines these dynamics across three do-
mains where Al already shapes decisions with material
consequences: humanitarian response, environment and
conservation, and medicine. Each domain reveals how Al
can widen access to information, extend human percep-
tion, and support forms of expertise that were previously
out of reach. Each also shows how AI can concentrate
power, narrow forms of recognition, or diffuse responsi-
bility. The analysis then turns to accountability, trans-
parency, and equity as the central conditions that deter-
mine whether Al systems operate as tools of support or
tools of harm.

The goal is not to resolve the debate over whether AT
is beneficial or dangerous. A different framing might
prove more actionable. Al amplifies the intentions and
structures of the societies into which it is introduced. Un-
derstanding how it is used and how it can be governed
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requires attention to the ways it recasts what is seen, who
is authorized to act on what is seen, and how those deci-
sions are explained or can be contested.

AT for Social Good

Humanitarian response

Disasters are not just physical events; they are also
crises of information. When floods, earthquakes, or storms
strike, the first question is never only “How many are
dead?” but “Where are they? Who is still alive? Who has
been forgotten?” Disaster response is a race against time
and urgent need for information, one in which the avail-
ability and interpretation of data often determine surviv-
al.

In the 2023 Derna floods in Libya, two dams collapsed
before dawn and erased entire districts® . Communications
went dark. Rescue teams could not tell which roads still
existed, which bridges were standing, or where the living
and dead lay. In previous decades, it would take days, op-
timistically, for aerial photographs to be collected, manu-
ally interpreted, and converted into usable maps.

With AT capable of mimicking human perception and
cognition, satellite images taken hours after the disaster
were processed automatically to detect destroyed build-
ings. Damage assessments that previously took days were
completed overnight®’. These kinds of capabilities could
transform how first responders operate. Search teams no
longer have to choose blindly where to go first; they can
follow updated maps, often created faster than rescue ve-
hicles could reach the site. Al’s role in this case is not to
supplant human judgment, but to compensate for the lim-
its of human perception, which cannot scan millions of
pixels across thousands of square kilometers within a
life-saving timeframe.

Beyond improving efficiency at vast scales, Al helps
make visible that which was unseen before. In Zinder,
Niger, one of the poorest regions in the world, entire vil-
lages had never appeared on an official map. Without cen-
sus data, aid could be distributed based on outdated na-
tional statistics, not local realities. Using satellite imagery
and AI models trained to detect rooftops, field huts, and
settlement patterns, population density maps can be pro-
duced that reveal communities previously unrecorded by
the state."”

Anthropologically, visibility confers political and social
existence: one becomes eligible to be helped, vaccinated,
educated, or governed." Al did not create these popula-
tions; it simply made it harder for systems to ignore them.
Yet visibility cuts both ways. A satellite that finds flood
survivors can also find refugees crossing a border. A drone
that identifies collapsed buildings can be used to monitor
protests or track dissidents. The same tools that make
people visible to rescuers can make them visible to those
who would harm or control them.
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In some humanitarian contexts, displaced communi-
ties live in camps that lack up-to-date maps or infrastruc-
ture records. A recent project covering the Kakuma—Ka-
lobeyei refugee camps in Kenya used high-resolution
aerial imagery combined with machine learning to pro-
duce detailed maps of shelters, roof materials, sanitation
facilities, and energy infrastructure, types of data rarely
available for refugee settlements. By making formerly un-
mapped dwellings visible to humanitarian organizations,
these Al-driven maps enable resource planning, aid dis-
tribution, and infrastructure interventions in ways that
traditional remote-sensing or manual survey methods
could not match™.

This redistribution of “vision” allows actors beyond
large international agencies, such as local NGOs, camp
residents, humanitarian workers, to see, act, and advocate
for communities that might otherwise remain invisible®.
Visibility, in this sense, is empowerment: it allows more
actors to participate in the response, to contest official
narratives, and to make claims on the state’®. The same
systems that open up visibility can also shape what is
seen. The engineers designing these models determine
what the Al is trained to see by choosing the categories it
recognizes, the data it ingests, and the thresholds it deems
significant. Some patterns of life may remain invisible but
because they were never encoded as data in the first place,
unintentionally or otherwise.

Environment, climate, and conservation

Before modern meteorology, farmers and pastoralists
forecast rain through long familiarity with local condi-
tions. These practices were grounded in lived environ-
ments and generational knowledge. However, as climate
change accelerates, familiar cues have become less reli-
able, and technology has had to step in. Satellites scan the
Earth using high resolution sensors, and generate tera-
bytes of data, often available for free. The constraint is no
longer information but the ability to make sense of it be-
fore crops fail or species decline.

Agriculture

During the war in Ukraine, traditional crop-monitor-
ing systems collapsed and no official reporting was possi-
ble in many regions. AI models trained on Sentinel-2 im-
agery classified wheat, barley, and maize across millions
of hectares and predicted yields even where surveyors
could not go". Al systems like this certainly accelerate
analysis, but they also shift how agricultural knowledge
is produced. inference once made through field visits or
national reporting now comes from satellites and automat-
ed models. The capacity to see the harvest and therefore
anticipate scarcity moves toward those who control satel-
lite data and the models that interpret it.

Energy

AT also redraws visibility in the global energy transi-
tion. Through initiatives like Global Renewables Watch®,
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machine learning models identify solar panels and wind
turbines worldwide with a granularity that previously re-
quired costly site surveys. Now, environmental progress
can be verified against physical installations rather than
official statements, redistributing the ability to check com-
pliance with climate commitments

Yet remote visibility can shift interpretive control away
from people who live in the affected area'. When damage
assessments are produced through satellite classifications
or other automated analyses, the categories of what counts
as destroyed, at risk, or in need are defined by remote
analysts and institutions rather than by local actors"”. Em-
pirical studies of satellite-based assessment and digital
humanitarian mapping show that these tools concentrate
expertise in a limited set of organizations and that their
outputs sometimes overlook informal settlements, liveli-
hood spaces, or social ties that matter for response®. In
such cases, local knowledge is not absent, but it enters
decision-making on unequal terms, because remotely pro-
duced maps and indicators often carry greater authority
in discussions about where to send resources and how to
describe conditions on the ground.

Conservation

In biodiversity conservation, Al transforms how eco-
systems are monitored. Rainforest soundscapes contain
tens of thousands of hours of audio monthly, and camera
traps produce millions of images. AT models detect ele-
phant rumbles, rare bird calls, or the faces of chimpanzees
in real time. These are tasks no team of researchers could
perform manually™.

As Al becomes embedded in ecological monitoring, it
shapes which environmental changes draw attention and
how those changes are judged. Patterns that align with
easily obtainable data may come to define assessments of
decline or recovery”, while information known locally but
absent from formal datasets can lose influence®. This
shift places greater interpretive weight in the hands of
institutions that manage large datasets and inference sys-
tems, even though they may be very distant, geographi-
cally and culturally, from the ecosystems in question.
Conservationism must therefore account for how these
judgments are formed and ensure that machine inference
remains connected to the knowledge held by the commu-
nities who live within the ecosystems being monitored.

Medicine and Biology

Clinical practice of medicine depends a social contract
of trust, care, and responsibility. Al enters this space
promising new forms of diagnosis and, even more funda-
mentally, a new way of knowing the body. Al is also re-
shaping the biological sciences that inform medicine
through models that are experiencing spectacular tri-
umphs, such as in protein folding, radiology, and patholo-
gy. Here, questions of who benefits, who is accountable for

AT’s outputs, and how decisions are can be made legible to
doctors and patients, loom large.

Protein folding

For decades, predicting how a protein folds from a lin-
ear amino acid sequence into a functional three-dimen-
sional form was a central challenge in biology, the holy
grail of modern biology.”* The way proteins fold determines
how the body works: how viruses bind, how enzymes re-
pair DNA, how drugs function. Experimental methods
like X-ray crystallography and cryo-electron microscopy
could solve one protein in months or years, with tens or
hundreds of thousands more to go.

In 2020, AlphaFold solved over 200 million protein
structures within a few months. It did not use physical
measurement and theoretical physics or chemistry; it used
pattern recognition. Al “learned” the rules of life from
past data, then predicted what biology had not yet mea-
sured.” Al is changing who can contribute to discovery.
Students without access to traditional laboratories can
now pursue protein design computationally, and research-
ers in regions without advanced experimental infrastruc-
ture can participate in early-stage drug development. For
much of modern science, authority has rested with those
who controlled specialized instruments and well-funded
institutions. Now, the growing reliance on computational
models shifts part of that authority toward those who de-
velop, maintain, and interpret these systems. The
well-funded laboratory is still required to validate predic-
tions, but the first steps of inquiry increasingly originate
on model servers rather than in physical labs. In this con-
text, Al functions as a new expert in the workflow, while
responsibility for its outputs remains with the people and
institutions that build and deploy it.

Al in healthcare

Retinopathy of Prematurity (ROP) can blind infants
born too early. It disproportionately affects babies weigh-
ing under 1.06 kg*, especially in regions where neonatal
survival has improved faster than specialist care. As of
2012, there were only 200,000 ophthalmologists world-
wide, and a fraction were pediatric.** There are just not
enough doctors to fulfil the demand.

In South and Central America, health practitioners
can now use smartphones with retinal lenses to photo-
graph premature infants' eyes. AI models flag cases need-
ing urgent treatment. Images can be sent to specialists
hundreds of kilometers away. AI does not replace doctors,
it creates medical attention where none existed.

Healing often involves more than biomedical assess-
ment; it includes communication, reassurance, and shared
interpretation between patients and clinicians. Al enters
this arrangement as a new subject-matter expert offering
judgments expressed as risk scores or classifications, and
potentially even as verbal explanations. However, they do
not fully reveal how the underlying statistical system
reached its conclusions. Families cannot examine the in-
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ternal basis of a model’s decision, and clinicians may be
unsure whether a generated explanation reflects genuine
reasoning or a post-hoc description. The black box of algo-
rithmic inference modifies the social structure of care:
Accountability now depends on data quality, calibration
procedures, and institutional oversight. Responsibility
becomes distributed across the model, the organization
that deploys it, and the datasets that shape its behavior.
These changes do not displace clinical relationships, but
they introduce new forms of mediation that must be man-
aged so Al supports rather than complicates the moral and
practical work of care.

This is not new. Medicine has long translated bodies
into data through temperature charts, laboratory values,
imaging studies, and other measurements designed to re-
veal patterns beyond individual perception. AT amplifies
this, and what distinguishes Al is its ability to generate
visibility at scale. Millions of images and signals can be
interpreted in seconds, revealing pathologies or trends no
clinician could detect unaided.

This new visibility also reshapes power and expertise.
Diagnostic authority used to be concentrated in hospitals
and specialists and now extends to field workers equipped
with mobile phones and portable sensors. In rural clinics,
an image captured by a nurse can trigger an Al assess-
ment and a specialist’s response within minutes. Exper-
tise thus becomes distributed more widely as a collabora-
tion between human experience and algorithmic
perception. However, the asymmetry of power remains
uneven: the designers or owners of the models still deter-
mine which diseases are detectable, which bodies are rep-
resented, and which remain unseen.

Who Takes Responsibility for Al

AT does not set its own aims. Its behavior reflects the
data it is trained on and the objectives defined for it. These
systems can support careful analysis or amplify errors,
depending on how they are designed and governed. As AL
becomes more common in governance, science, and hu-
manitarian work, responsibility shifts toward the institu-
tions that assemble the datasets and specify the conditions
under which models operate. This section examines three
conditions that influence how the authority these systems
acquire translates into responsibility: accountability,
transparency, and equity.

Accountability

Al systems promise to enhance decision-making, but
it’s not always clear who is answerable when harm oc-
curs®. In computer-vision applications, artificial neural
networks can identify collapsed infrastructure after floods
or earthquakes, producing maps that guide humanitarian
logistics within hours. These tools extend institutional
capability and save lives. However, the same computing
architectures can be used by surveillance technology that
continuously track populations through facial recognition
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or aerial imagery. When automated systems perform tasks
previously carried out by identifiable professionals, the
chain of responsibility becomes harder to trace.

A clear example is the 2020 wrongful arrest of Robert
Williams in Detroit: a facial-recognition system misiden-
tified him, police treated the algorithmic output as evi-
dence, and subsequent inquiries showed that neither the
software vendor nor the officers involved accepted respon-
sibility for the error. When an Al-generated map misclas-
sifies civilian structures as military targets, or a fa-
cial-recognition system leads to wrongful arrest®,
accountability is frequently displaced among developers,
vendors, and governments. This diffusion of responsibility
contrasts sharply with traditional professional ethics,
where identifiable human agents, such as pilots, physi-
cians, engineers, are accountable for outcomes. When the
chains of responsibility are vague, model decisions can
circulate without an identified person or institution who
can explain or defend them.

Legal scholarship and science-and-technology studies
converge on a central requirement: every high-risk Al sys-
tem must have a clearly identifiable human or institution-
al agent answerable for its outcomes™.

Just as aviation and pharmaceutical industries evolved
liability regimes in keeping with their complexity* , Al gov-
ernance must develop comparable standards of due care.
Concrete mechanisms should include:

+ legally mandated human-in-the-loop oversight for
consequential decisions (e.g., healthcare, finances,
border control).

* independent audit authorities empowered to inspect
training data and model performance.

+ procedural rights for individuals to obtain explana-
tion and appeal of algorithmic decisions.

Accountability also has a cultural dimension. As Pea-
cock et al. (2021) note, visibility entails moral obligation:
those who render others legible assume a duty of care. The
expansion of seeing therefore requires a parallel expan-
sion of governance mechanisms, such as auditable data-
sets, public oversight boards, and avenues for redress, so
that the capacity to perceive does not exceed the capacity
to be held accountable.

Transparency

Predictive and generative models operate through com-
plex statistical inference that is often hard to explain even
by their designers®. In predictive policing, for instance,
algorithms trained on historical arrest data may label
certain neighborhoods as “high risk,” prompting intensi-
fied patrols and further arrests, creating a self-reinforcing
feedback loop™. The absence of interpretability transforms
these models into epistemic authorities whose judgments
appear objective but reproduce historical bias.

Large-language models present a similar challenge.
They can produce text that resembles official guidance,
emergency bulletins, or journalistic reporting, yet they
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provide no clear account of how they arrived at these state-
ments. Recent studies show that such systems can gener-
ate persuasive falsehoods that pass as credible informa-
tion and are harder to identify than earlier forms of
misinformation®.

From a societal standpoint, opacity reconfigures the
social contract of knowledge. People expect explanations
from professionals whose decisions affect their lives, such
as doctors, engineers, officials. When decisions arise from
unexplainable computation, a form of accountability dis-
appears”. Transparent AI must include not only open-
source code, but explainable outputs, evidence-based
sourcing, uncertainty disclosure, and pathways for human
review and accountability. This might require allowing
only models whose reasoning can be explained in lan-
guage accessible to affected publics, auditable data prov-
enance, and disclosure of uncertainty**.

Equitable access

In many regions, limited availability of compute re-
sources, internet and electric connectivity, and technical
education prevent meaningful participation in building or
adapting Al This turns the digital divide® into something
deeper, because the gap concerns the ability to influence
the systems that shape economic life and public services.
The benefits of AI will reach people across the world over
time, yet the avenues for those benefits differ sharply.
Weather prediction depends on networks of monitoring
stations, which many countries lack®. Diagnostic models
pivot on data from specific populations, usually from the
richer, Western and Northern hemispheres”, leaving them
in doubt when applied to other populations; clinical data
from many regions is scarce. Large models trained on
Western text, imagery, and medical records absorb cultur-
al assumptions about health, risk, and daily life’**. These
assumptions travel with the models and limit their fit out-
side the regions for which they were created.

Regions without strong computational capacity or reg-
ulatory leverage continue to rely on external platforms for
data access and decision support. This dependence places
them at a disadvantage in a core sector of the global econ-
omy. Within states, algorithmic systems can amplify un-
equal access to credit, jobs, and health care. Couldry and
Mejias (2019) describe data extraction and algorithmic
production as extensions of older colonial patterns, rewrit-
ten in contemporary technical language.

Al expands the reach of collective reasoning, yet it of-
ten reflects the inequalities of its origin. Those whose ex-
periences shape the dominant datasets retain the stron-
gest influence. Equity in AT governance requires attention
to information, particularly about who appears in data
and who is absent, and to material conditions, who carries
the environmental and social weight of computation. Pol-
icies that broaden access to model capabilities, encourage
efficient system design, and bring a wider range of people
into dataset creation establish the groundwork for a fairer
Al landscape®'.

Sustainability and global governance

Because Al is transnational, meaning it can be trained
in one jurisdiction, deployed in another, and impactful
everywhere, its regulation demands international coordi-
nation. Two areas illustrate this need. Autonomous weap-
ons, made deadlier and cheaper by Al, demand treaties
that ensure meaningful human control over lethal deci-
sions to prevent destabilizing escalation. Cross-border
data flows require agreements on ownership, consent, and
equitable use, particularly for medical, geospatial, and
social data that support globally deployed models. These
issues reveal the broader fact that AI governance is insep-
arable from global political commitments®.

Sustainability extends the need for governance to the
physical substrate of AI. Training a large-language mod-
el can consume energy equivalent to that used by hun-
dreds of households annually, and datacenter cooling com-
petes with community water supplies. These impacts are
unevenly distributed with the environmental cost borne
where datacenters are sited, while the benefits of model
deployment accrue globally. Because compute, energy, and
water markets cross borders, the environmental footprint
of AT cannot be treated as just a domestic matter. Coordi-
nated standards for environmental reporting, lifecycle
assessment, renewable-energy procurement, and resource
management would bring AT into alignment with nation-
al climate targets and international sustainability com-
mitments*. Treating Al as part of climate infrastructure
rather than as an abstract digital service anchors model
development within planetary limits.

Discussion

Across humanitarian response, environmental moni-
toring, and medicine, Al changes how the world becomes
knowable. Systems that interpret satellite imagery,
soundscapes, medical scans, or human speech alter the
balance between direct experience and mediated infer-
ence. They extend the capacity to detect events, classify
conditions, and anticipate risks, but they also shift where
interpretive authority resides. What counts as evidence,
and who is positioned to act on it, now depends on tools
that operate at scales no person could sustain.

These shifts raise structural questions rather than tech-
nical ones. Visibility is uneven, and institutions with access
to data and computational resources are often the ones who
define what is seen. Communities that live with the conse-
quences may have little influence over the categories and
thresholds that guide these systems. AI's outputs can shape
judgments that were once grounded in local knowledge,
professional practice, or collective deliberation.

Aligning AT with social good therefore requires atten-
tion to the conditions under which its insights are pro-
duced. Accountability determines whether decisions
prompted by models can be explained and challenged.
Transparency clarifies how models classify or detect and
what assumptions they embed. Equity ensures that data
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infrastructures and inference systems do not reproduce
longstanding exclusions. Sustainability places these tools
within the broader ecological and material systems on
which they depend. These are practical requirements, not
abstract ideals.

Al will continue to expand the reach of human obser-
vation, but the value of that expansion depends on how its
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UMJETNA INTELIGENCIJA ZA DRUSTVENO DOBRO POCINJE S ODGOVORNOSCU

SAZETAK

Umjetna inteligencija ¢esto se definira kroz pitanja koristi i rizika, no njezini ucinci proizlaze iz nacina na koji ona
mijenja uvjete pod kojima se znanje proizvodi i na temelju kojih se djeluje. Ovaj rad ispituje umjetnu inteligenciju za
drustveno dobro kao skup praksi koje prosiruju sposobnost promatranja, klasifikacije i zaklju¢ivanja na razinama izvan
ljudske percepcije. Ti sustavi mijenjaju ono $to postaje vidljivo, kako se ta vidljivost tumaci i tko je pozicioniran da je
koristi. Kako strojno zakljuc¢ivanje preuzima veci dio promatrackog 1 interpretativnog tereta, autoritet se pomice prema
institucijama koje dizajniraju i upravljaju tim alatima. Analiza identificira odgovornost, transparentnost i jednakost kao
prakti¢ne uvjete koji odreduju hoce li umjetna inteligencija jacati ili slabiti zajednice i okruzenja kojih se dotice. Cilj je
razjasniti kako umjetna inteligencija reorganizira odnos izmedu promatranja, prosudbe i odgovornosti unutar projekata

koji su definirani kao drustveno korisni.
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