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Over the  past  two  decades,  life  sciences  have  been  trans-
formed  by  genome  editing,  single-cell  multi-omics,  cryo-EM,
and  high-resolution  imaging1.  Yet  a  persistent  gap  remains
between  discovery  and  translation.  This  gap  reflects  several
enduring  bottlenecks:  difficulty  in  integrating  heterogeneous
high-dimensional data,  the  limits  of  reductionism  in  explain-
ing  non-linear  multiscale  phenomena,  fragmentation  across
biological  scales,  and  the  slow  prediction–validation  loop
between  theory  and  experiment.  These  issues  arise  not
merely  from insufficient  data or  tools,  but  from the absence
of a discipline-level framework that can integrate multimodal
information, capture emergence, model multiscale dynamics,
and  continuously  close  the  loop  between  computation  and
perturbation.

In parallel,  artificial  intelligence  (AI)  has  achieved  break-
throughs in representation learning and generative modeling,
with  transformer  architectures  enabling  powerful  sequence-
based  learning2.  In  biology,  AI  has  already  demonstrated  its
ability  to  capture  latent  regularities,  most  prominently  in
protein structure prediction3. These advances suggest that AI
can be more than an auxiliary analytical tool: it can become a
cognitive framework and theory-construction engine for biol-
ogy. This motivates the establishment of AI Biology (AIBIO) as
a new discipline.

 CORE  CONCEPT  AND  THEORETICAL  FOUNDATION  OF  AI
BIOLOGY
 Definition  of  AI  Biology:  life  emergence  and  biological
wisdom
AIBIO is a new interdisciplinary discipline that studies the laws
of  life  emergence  and  biological  wisdom.  AIBIO  is  oriented
toward the central “Why” questions in life sciences:  why life
can  form,  why  life  activities  are  organized  and  stabilized  in
certain ways, and why universal motifs recur across scales.

Here, life emergence is not a generic synonym for complex-
ity, nor is it confined to organ-level phenomena. It refers to a
pan-scale process  spanning  molecules,  cells,  tissues,  organ-
isms,  populations,  and  ecosystems,  in  which  system-level
structures, dynamical regimes, and functions arise from local
interactions, feedback,  and  spatiotemporal  coupling.  Emer-
gent  properties  are  not  present  in  the  same  form  at  lower
levels and cannot be fully explained by linear superposition or
single-component mechanisms, echoing the general principle

that “more  is  different”4.  Crucially,  life  emergence  is  shaped
by cross-scale coupling: bottom-up interactions generate new
collective  behaviors,  while  top-down  constraints  (e.g.,  tissue
architecture,  physiology,  environment)  select  and  stabilize
particular regimes.

In AIBIO, biological wisdom is used in a strictly non-anthro-
pomorphic  sense.  It  denotes  principle-level  regularities:
compact,  transferable  and  falsifiable  mathematical
constraints  that  explain  why  living  systems  repeatedly
achieve robustness, homeostasis, adaptation, evolvability and
recurrent  coding  architectures  under  physical,  chemical  and
evolutionary  constraints5.  A  candidate  "wisdom-level" state-
ment  must  (i)  generalize  beyond  a  single  dataset,  model,  or
biological  context;  (ii)  specify  its  domain  of  validity;  and  (iii)
predict the conditions under which it would fail. In this sense,
biological  wisdom  is  the  principle-level  answer  to  "Why"  —
beyond, but inseparable from, mechanism-level "How".

 Emergence,  life  emergence,  and  disease  emergence:  what
exactly is studied
To  sharpen  AIBIO’s theoretical  target,  it  is  useful  to  distin-
guish three related concepts.

Emergence refers to macroscopic properties that arise from
non-linear  interactions  and  are  absent  at  the  component
level4.  AIBIO treats  emergence not  as  a  descriptive  label  but
as a scientific object: identifying minimal organizing variables,
coupling  rules,  and  stability  conditions  that  make  emergent
properties predictable and falsifiable.

Life  emergence  is  a  special  class  of  emergence  in  which
hierarchical  organization  yields  novel  structures,  dynamical
regimes,  and  functions  across  biological  scales  and  stabilizes
them  through  cross-scale  constraints.  Accordingly,  AIBIO
studies  (i)  emergent  structures  (modules,  networks,  spatial
patterns); (ii)  emergent  dynamics  (state  transitions,  attrac-
tors,  oscillations,  tipping  points);  (iii)  emergent  functions
(robustness,  homeostasis,  adaptive  control);  and  (iv)  cross-
scale  universals  that  can  be  expressed  mathematically  and
tested experimentally.

Disease  emergence  follows  the  same  logic.  AIBIO  views
disease as an emergent,  multi-level  phenotype rather than a
single-layer  defect.  A  practical  principle-level  description  is:
disease reflects a living system entering a maladaptive regime
under specific  spatiotemporal  contexts,  shaped  by  interac-

 
1. Nanjing Drum Tower Hospital Center of Molecular Diagnostic and Therapy, State Key Laboratory of Pharmaceutical Biotechnology, Jiangsu Engineering Research Center for MicroRNA
Biology and Biotechnology, NJU Advanced Institute of  Life Sciences (NAILS), School  of  Life Sciences, Nanjing University, Nanjing, Jiangsu, China. 2. Research Unit  of  Extracellular  RNA,
Chinese Academy of Medical Sciences, Nanjing, Jiangsu, China. 3. Tianfu Jincheng Laboratory, Chengdu, Sichuan, China. 4. Department of Systems Biology, School of Life Sciences, Guang-
ming  Advanced  Research  Institute,  Southern  University  of  Science  and  Technology, Shenzhen, Guangdong, China. 5. Shanghai  Academy  of  Natural  Sciences, Shanghai, China. #These
authors contributed equally. *Correspondence: Chen-Yu Zhang (cyzhang@nju.edu.cn)
Received: April 1, 2026; Accepted: September 26, 2026; Published: October 22, 2026 

Expert Views Open Access   |   

Vita  |  1

https://doi.org/10.15302/vita.2026.09.0075
mailto:cyzhang@nju.edu.cn


tions among molecular programs, cell  states, tissue microen-
vironments, organismal physiology, and external ecology. This
aligns  with  disease-as-network  and  disease-as-state-transi-
tion perspectives:  diseases  often  arise  from  network  pertur-
bations6 and can be framed as transitions between dynamical
“attractor” states  in  complex  regulatory  systems7,  including
critical  transitions  where  small  perturbations  trigger  large
shifts.  Under  this  view,  intervention  is  not  only “fixing  a
molecule” but  steering  a  multiscale  system  back  from  a
maladaptive  regime  toward  adaptive  stability.  For  clinical
translation,  this  view  points  to  concrete  actionable  outputs:
(i)  early-warning  indicators  of  regime transitions;  (ii)  regime-
defining biomarker  panels  rather  than  isolated  single  mark-
ers; (iii) combination perturbation strategies that shift system
state  rather  than  merely  suppress  one  molecule;  and  (iv)
patient-specific  digital  twins  for  predicting  therapeutic
response.  AIBIO  thus  extends,  rather  than  replaces,  target-
centric  thinking  by  embedding  molecular  targets  within  a
multiscale state-space and intervention design.

 DIKW  as  the  operational  logic:  from  data  to  unified  laws
(“Why”)
AIBIO can  be  operationally  organized  by  the  DIKW hierarchy
— Data → Information → Knowledge → Wisdom — which is
especially useful for separating prediction from principle.

Data are multimodal,  multiscale measurements (sequence,
omics, spatial  profiles,  imaging,  physiology,  behaviors,  envi-
ronment) plus  perturbations.  A  central  AI  task  is  representa-
tion learning:  converting  heterogeneous  signals  into  compu-
tational embeddings.

Information  emerges  when  AI  extracts  structure  and  pa-
tterns (modules, networks, trajectories, spatial  organization).
Network-focused machine learning provides key methodolog-
ical routes from data to structured biological relations.

Knowledge  forms  when  information  is  organized  into
predictive and actionable models, ideally with causal content.
This  includes  models  that  propose perturbations  and predict
their effects, enabling experimentally falsifiable hypotheses.

Wisdom  is  the  discipline-defining goal  of  AIBIO:  formaliz-
able, generalizable, and refutable unifying principles — math-
ematical  laws  —  that  could  answer “Why” across  systems,
including both life and disease emergence.  By institutionaliz-
ing  this  DIKW  ascent,  AIBIO  aims  to  move  biology  from  a
predominantly  mechanism-centered  science  (“How”)  toward
a  principle-centered  science  (“Why”), while  keeping  experi-
mental falsification as the ultimate standard (Fig. 1).

To avoid conceptual inflation, an AIBIO Wisdom-level claim
must  be  operationally  falsifiable  rather  than  rhetorically
appealing.  A  candidate  principle  should  specify  the  order
parameters  or  collective  variables  that  are  measured  or
inferred,  together  with  an  explicit  domain  of  validity  —  the
organisms, cell types, diseases, timescales or environments to
which it  applies.  It  should  be  expressed  in  a  definite  mathe-
matical form, such as an equality, inequality, scaling relation,
conservation-like  constraint,  trade-off,  attractor  structure  or
transition rule,  and should be evaluated against well-defined
null models  obtained  from  randomization,  shuffled  interac-
tions  or  matched  marginals.  Critically,  it  must  yield  concrete
perturbation  predictions  —  what  should  happen  when  a
component, context,  or  constraint  is  altered  —  and  corre-

sponding  failure  criteria  that  specify  which  empirical  result
would refute  or  restrict  the principle.  Under  this  standard,  a
statement such as “disease is an attractor” is not yet a princi-
ple;  it  becomes  one  only  when  its  state  variables,  regime
boundaries, perturbation  responses  and  refutation  condi-
tions are explicitly stated and experimentally vulnerable.

 WHY  ESTABLISH  AI  BIOLOGY  AS  A  DISCIPLINE:  NECESSITY
AND IMPORTANCE
Modern  biology  increasingly  faces  problems  where  local
mechanisms  alone  do  not  yield  general  explanations.  High-
dimensional  multimodal  datasets  capture  biological  reality
more  comprehensively  than  ever,  yet  they  also  increase  the
risk  of  accumulating  fragmented mechanistic  stories  without
converging  to  unifying  principles.  Meanwhile,  translation
requires predictive, robust models that generalize across indi-
viduals,  contexts,  and  scales  —  precisely  where  emergence
and cross-scale coupling dominate.

AIBIO  is  necessary  because  it  provides  a  discipline-level
framework  to  (i)  integrate  multimodal/multiscale  evidence;
(ii)  discover  organizing  variables  and  governing  rules  from
complex observations; (iii) formulate falsifiable principles; and
(iv)  close  the  loop  through  perturbation  and  validation.  This
ambition echoes early work on inferring governing rules from
observations  in  non-linear  dynamical  systems8,  but  now
becomes  feasible  at  biological  scale  due  to  modern  AI  and
measurement technologies.

Three  concrete  questions  illustrate  directions  that  AIBIO
seeks to address beyond existing frameworks. First, the archi-
tecture  of  the  genetic  code:  why  does  canonical  translation
use  a  20-amino-acid  core  and  triplet  codons?  The  classical
“frozen  accident” view  emphasizes  historical  contingency9,
but quantitative analyses suggest the standard code occupies
a privileged region of  an error-minimizing landscape10.  AIBIO
may  help  integrate  chemical  constraints,  codon-mutation
neighborhoods,  translational  errors,  and  synthetic-code
design to  test  whether  the  standard  code  reflects  a  struc-
tured,  navigable  coding  landscape.  Second,  the  geometry  of
evolution:  is  adaptation  only  random  variation  followed  by
selection, or do adaptive trajectories repeatedly flow through
constrained  channels,  like  water  through  pre-carved
riverbeds?  Canalization  and  fitness-landscape  ideas  already
suggest  that  variation  operates  within  structured  spaces11.
AIBIO may help integrate genotype–phenotype maps, ecolog-
ical  context,  and  evolutionary  trajectories  to  test  whether
adaptive  flows  obey  identifiable  statistical,  geometric  or
dynamical  regularities.  Third,  the  persistence  of  disease
regimes: why are cancers, metabolic disorders, and neurode-
generation so  often  stable  and  difficult  to  reverse?  Dynami-
cal  network  biomarker  theory  shows  disease  progression
involves detectable pre-transition states12; AIBIO may extend
this  by  coupling  representation  learning  with  perturbation
design and therapeutic state-steering.

Its importance is both scientific and practical. Scientifically,
AIBIO  creates  a  home  for  principle-oriented  theory  building
about  life  and  disease  emergence.  Practically,  it  enables  a
new  research  engine:  models  continuously  updated  by  data
and  challenged  by  experiments,  accelerating  discovery-to-
translation cycles in medicine, synthetic biology, and environ-
mental systems.
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 AIBIO vs  AI  FOR  BIOLOGY  (AND  BOUNDARIES  WITH  ADJA-
CENT DISCIPLINES)
AI  for  Biology  applies  AI  as  a  tool  to  improve  established
biological workflows — e.g., image segmentation, phenotype
recognition,  sequence  analysis,  or  task-specific  prediction.
These  advances  are  valuable,  but  they  typically  leave  the
conceptual  framework  of  biology  unchanged:  AI  enhances
efficiency, while  biology  remains  centered  on  local  mecha-
nism accumulation.

AIBIO  differs  in  its  discipline-level  outputs  and  epistemic
targets.  It  uses AI  as  a  cognitive and modeling framework to
reconstruct  biology  toward “Why”,  and  uses  biological  per-
spectives to interrogate what robust learning and adaptation
should  mean  in  complex  systems.  The  expected  outputs  are
not only tools,  but also new concepts,  paradigms,  and unify-
ing laws that are cross-scale and experimentally falsifiable.

This clarifies boundaries with adjacent fields.  Systems biol-
ogy  emphasizes  integrative  mechanistic  thinking  and  cross-
level  modeling,  often  with  strong  prior  assumptions  and
explicit equations.  Bioinformatics  emphasizes  data  manage-

ment,  annotation,  and  statistical  analysis  infrastructure13.
AIBIO incorporates both but is defined by DIKW-driven ascent
to principles, emergence as a central target (including disease
emergence),  and  closed-loop  validation  as  a  disciplinary
norm. A  specific  operational  distinction  is  that  systems  biol-
ogy  typically  begins  with  known variables,  defined  pathways
and  explicitly  specified  equations,  whereas  AIBIO  is  required
precisely  when  the  relevant  variables,  scales  and  coupling
rules are unknown a priori and must be induced from multi-
modal  perturbation  data.  AIBIO  therefore  does  not  separate
cleanly from systems biology; it is a higher-level synthesis that
adds  three  discipline-defining  requirements:  principle-
oriented  outputs,  cross-scale  emergence  as  a  central  object,
and closed-loop experimental falsification as a norm (Fig. 2).

 RESEARCH SCENARIOS  OF  AIBIO  AND  THE  TRANSFORMA-
TIONS THEY ENABLE
 Multimodal  integration:  toward  principle-bearing  biological
atlases
AIBIO  requires  unified  representations  that  connect

 

dΦ
dt

= F(Φ;θ)

Fig. 1    Core concept and theoretical foundation of AIBIO. AIBIO drives a paradigm shift in the life sciences from mechanism-centered obser-
vation (“How”)  to  principle-centered theory  (“Why”).  The discipline is  structurally  organized by the Data–Information–Knowledge–Wisdom
(DIKW)  hierarchy.  Heterogeneous,  pan-scale  Data  are  processed  via  AI  representation  learning  to  extract  structured  Information,  such  as
network motifs and spatial patterns. This information is subsequently transformed into predictive and causal Knowledge through computa-
tional modeling and targeted perturbations. Guided by a continuous closed-loop cycle of computational prediction and experimental falsifica-
tion,  this  progressive  ascent  ultimately  yields  Wisdom:  formalizable,  mathematical  laws  that  govern  the  multiscale  emergence  of  life  and
disease. At the Wisdom layer, symbolic expressions denote candidate cross-scale invariants and constraints — for example, order parameters

Φ that summarize collective state, transition rules of the form  describing regime dynamics, and conservation- or trade-off-like
relations among coupled variables — each of which must be associated with measurable quantities, a stated domain of validity and falsifiable
perturbation predictions.
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sequences, structures, single-cell states, spatial context, phys-
iology, and environment. Integrative single-cell analysis exem-
plifies the alignment problem across datasets and modalities,
while  deep  learning  has  expanded  measurable  phenotype
spaces in cellular imaging14.  Multimodal integration becomes
transformative when  atlases  are  no  longer  descriptive  cata-
logs but predictive objects that expose cross-scale constraints
and candidate organizing variables15.

 Explainable and causal modeling: from correlations to falsifi-
able “Why” hypotheses
Principle-seeking biology  requires  models  whose  explana-
tions survive perturbation. Feature attribution methods (e.g.,
SHAP and integrated gradients) provide useful starting points
but  do  not  by  themselves  establish  causality.  Perturbation-
rich  designs  —  including  pooled  CRISPR  screens  and  single-
cell  perturbation  profiling  such  as  Perturb-seq 16 and multi-
plexed CRISPR readouts17—provide a more direct route from
prediction  toward  causal  knowledge,  and  AIBIO  ultimately
demands  such  perturbation-consistent  causal  accounts.  For
example,  inferred  cell–cell  communication  programs  from
single-cell data can suggest experimentally testable interven-
tion points  in  tumors18.  In  the AIBIO framing,  the goal  is  not
only  to  predict  outcomes  but  to  identify  the  minimal  causal
structure that explains why a system stabilizes in a particular
regime (healthy or diseased).

 Digital  twins  and  closed-loop  science:  steering  systems
across health–disease regimes
Digital twins — virtual counterparts continuously updated by
real  data  —  are  becoming  a  general  paradigm  in  complex
systems19.  In  biology,  whole-cell  computational  modeling
points  toward  integrated  genotype-to-phenotype  engines20.
AIBIO  extends  this  direction  by  coupling  digital  twins  with
algorithmic  planning  and  learning.  Reinforcement  learning
and  model-based  planning  demonstrate  how  systems  can
improve  decisions  through  iterative  simulation  and
feedback21,  providing  a  template  for  AI-guided  experiment
selection.  A  concrete  AIBIO  closed-loop  cycle  contains  five
components:  (i)  a model predicts system state together with
calibrated uncertainty; (ii) an active-learning or Bayesian-opti-
mization algorithm selects  the maximally  informative pertur-
bation;  (iii)  the  perturbation  is  implemented  experimentally
—  for  example  by  CRISPR  knockout,  RNAi  knockdown,  drug
treatment or  environmental  change;  (iv)  multimodal  read-
outs  (single-cell,  spatial,  imaging,  functional  assays)  update
the  model  and  its  uncertainty  estimates;  and  (v)  candidate
principles are retained, revised, or rejected against pre-speci-
fied  failure  criteria.  The  loop  is  therefore  not  just
“predict–test–update” but a structured pipeline in which the
model  is  evaluated by its  ability  to design perturbations that
change biological regimes in predicted ways. In medicine, this
offers a  route  to  interpret  disease  as  a  multiscale  maladap-
tive  regime  and  to  rationally  design  interventions  that  steer
systems back toward adaptive stability.

 Generative biology: design as a stringent test of understand-
ing
AIBIO treats  generation  not  only  as  engineering  but  as  epis-
temic  validation:  if  a  model  truly  captures  biological

constraints,  it  may  in  principle  be  able  to  generate  viable
candidates  consistent  with  those  constraints.  Foundational
generative  modeling  ideas  have  evolved  into  powerful  tools
for  molecular  docking  and  design,  including  diffusion-based
de novo protein design (RFdiffusion)22 and learned-represen-
tation  sequence  design  (ProteinMPNN)23.  In  AIBIO,  such
generative capacity is interpreted as a stress test for whether
the inferred “rules” reflect real biological constraints: success-
ful  and  experimentally  functional  generation  is  positive
evidence that the model has captured part of  the rule space
governing  viability  or  specificity,  while  systematic  generative
failure flags where the inferred principles are incomplete and
indicates which constraints must be added next.

 An  RNA-centered  illustration:  RNA  programs  as  cross-scale
control variables for emergence and disease
RNA biology is a particularly strong testbed for AIBIO because
it  links  sequence,  structure,  dynamics  (processing,  decay,
localization), and regulation,  while  offering abundant pertur-
bation  options.  In  a  conventional “How”-centered  framing,
RNA  studies  often  accumulate  mechanisms  (factors,  motifs,
modifications).  In  the  AIBIO “Why” framing,  RNA  becomes  a
window into deeper questions:  why certain regulatory archi-
tectures  recur,  why  specific  dynamical  regimes  (buffering,
switching, hysteresis) are stabilized, and how noisy molecular
components yield reliable cell-state control.

Along the  DIKW path,  transcriptomic  and  spatial  measure-
ments  provide  high-dimensional Data;  AI  extracts  informa-
tion  as  latent  RNA  programs,  trajectories,  and  regulatory
modules;  combined  with  perturbations,  models  can  build
Knowledge that predicts and controls state transitions24.  The
AIBIO  target  is  Wisdom:  falsifiable  principles  describing  why
RNA-based regulation stabilizes particular emergent regimes,
both  adaptive  and  maladaptive.  While  no  full  AIBIO  closed
loop  has  yet  been  experimentally  demonstrated  for  an  RNA
system,  the  following  scenario  illustrates  what  such  a  cycle
could  entail.  As  a  concrete  instantiation,  an  AIBIO  model
could  propose  a  panel  of  RNAi  or  antisense  perturbations
predicted  to  displace  a  diseased  single-cell  state  distribution
toward  a  healthier  attractor;  single-cell and  functional  read-
outs  would  then  test  whether  the  predicted  state  transition
occurs, and  discrepancies  would  feed  back  into  model  revi-
sion.  This  illustrates  how  RNA  expertise  could  contribute  to
principle discovery:  RNA is  both information-rich and pertur-
bation-accessible  and  intrinsically  multiscale,  enabling  the
closed-loop falsification that AIBIO requires25.

 SUMMARY AND OUTLOOK
AIBIO is being established to answer life science “Why” ques-
tions through a discipline-level framework: studying life emer-
gence and biological wisdom as formalizable, testable mathe-
matical  principles.  AIBIO  emphasizes:  (i)  pan-scale life  emer-
gence from molecules to ecosystems; (ii) disease as an emer-
gent  multi-level  maladaptive  regime  under  spatiotemporal
context; and (iii) DIKW ascent from multimodal data to unify-
ing laws.  Methodologically,  it  relies  on  multimodal  integra-
tion,  explainable  and  causal  modeling,  digital  twins  with
closed-loop validation, and generative testing/design.

Looking  ahead,  AIBIO  must  confront  three  core  scientific
challenges.  First,  mathematically  measuring  emergence:  the
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field  needs  quantitative  order  parameters  that  distinguish
genuine cross-scale emergence from high-dimensional corre-
lation,  are  robust  to  data  modality,  sampling  depth  and
model architecture, and are linked to perturbation outcomes
rather  than  left  as  descriptive  statistics.  Second,  making
causal AI  biologically  interpretable:  causal  discovery  in  biol-
ogy  is  hard  because  perturbations  are  incomplete,  contexts
vary  and  feedback  is  pervasive;  AIBIO  models  must  combine
causal  inference  with  mechanistic  biological  constraints,  so
that  interpretability  includes  perturbation-consistent  causal
structure  and  not  only  feature  attribution.  Third,  linking
scales  without  collapsing  them:  molecular,  cellular,  tissue,
organismal  and  ecological  scales  differ  in  variables  and
timescales, and AIBIO must  avoid  both reduction to  molecu-
lar  lists  and  vague  holistic  narratives  —  hierarchical  latent
models, graph neural  operators,  causal  representation learn-
ing  and  multi-fidelity  simulators  offer  practical  routes.  As
aspirational  field-level  targets,  two field-level  milestones can
anchor  progress:  within  five  years,  perturbation-rich  digital
twins for selected systems — cell-fate transitions, organoids,
immune activation or specific disease-state transitions — may
become  capable  of  predicting  and  experimentally  steering
state changes; within ten years, the field may begin to estab-
lish  benchmarked  cross-scale principles  and  order  parame-

ters  for  several  biological  processes,  enabling  AI-designed
interventions  that  shift  maladaptive  disease  regimes  and  AI-
guided  design  of  synthetic  biological  systems.  If  achieved,
AIBIO  will  not  only  accelerate  discovery  and  translation  but
also reshape biology into a principle-seeking science of emer-
gence in life and disease.
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Fig. 2    AIBIO vs AI for biology and adjacent disciplines. A comparison of AIBIO with established fields highlights its distinct role as a cogni-
tive framework and theory-construction engine. While bioinformatics provides essential  data management infrastructure and systems biol-
ogy emphasizes mechanistic cross-level modeling, AI for biology primarily applies AI as an auxiliary tool to optimize traditional, mechanism-
accumulating  workflows.  AIBIO  is  shown as  building  upon,  rather  than  replacing,  these  adjacent  fields:  it  inherits  data  infrastructure  from
bioinformatics, quantitative modeling from computational biology, integrative mechanistic frameworks from systems biology, and task-level
prediction and design capabilities  from AI  for  biology.  In  contrast,  AIBIO represents  a  distinct,  discipline-level  paradigm.  By  integrating  the
computational and integrative strengths of adjacent fields, AIBIO is uniquely defined by its DIKW-driven ascent and closed-loop experimental
validation, aiming to discover the unifying, cross-scale governing laws (“Why”) underlying biological emergence.
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