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GRAPHICAL ABSTRACT

PUBLIC SUMMARY
■   Human likeness of artificial intelligence (AI) was quantified behaviourally and neurally.

■   Comprehensive measurements were used to replace binary self-reports of the Turing test.

■   Behavioural human likeness linearly increased when AI’s behavioural pattern approached human.

■   Neural human likeness did not increase until the AI performed identically to human.

      Artificial Intelligence     REPORT

The Innovation Informatics 2(3): 100047, August 17, 2026　　　  1

mailto:shengnanzhu1996@163.com
mailto:chenhui@zju.edu.cn
mailto:chenxiqun@zju.edu.cn
mailto:shengnanzhu1996@163.com
mailto:chenhui@zju.edu.cn
mailto:chenxiqun@zju.edu.cn
https://doi.org/10.59717/j.xinn-inform.2026.100047
https://doi.org/10.59717/j.xinn-inform.2026.100047
https://doi.org/10.59717/j.xinn-inform.2026.100047
https://creativecommons.org/licenses/by/4.0/


 

Measuring human likeness of artificial intelligence to
natural intelligence
Yingji Xia,1 Bing Zhu,1 Maosi Geng,1 Shengnan Zhu,2,3,* Sudan Sun,4 Hui Chen,2,* Xiqun (Michael) Chen,1,* Xiaoxiang Na,5

Jieping Ye,6,7 and Christopher S. Tang8

 

1Institute of Intelligent Transportation Systems, College of Civil Engineering and Architecture, Zhejiang University, Hangzhou 310058, China
 

2Department of Psychology and Behavioral Sciences, Zhejiang University, Hangzhou 310058, China
 

3Research Center of Brain and Cognitive Neuroscience, Liaoning Normal University, Dalian 116029, China
 

4Shulan International Medical College, Zhejiang Shuren University, Hangzhou 310015, China
 

5Department of Engineering, University of Cambridge, Cambridge CB2 1PZ, UK
 

6Department of Electrical Engineering and Computer Science, University of Michigan, Ann Arbor MI 48109, USA
 

7Department of Computational Medicine and Bioinformatics, University of Michigan, Ann Arbor MI 48109, USA
 

8Andreson School of Management, University of California, Los Angeles CA 90095, USA
*Correspondence:  shengnanzhu1996@163.com (S.Z.);  chenhui@zju.edu.cn (H.C.);  chenxiqun@zju.edu.cn (X.C.)
Received: May 11, 2026; Accepted: May 11, 2026; Published Online: May 25, 2026; https://doi.org/10.59717/j.xinn-inform.2026.100047
© 2026 The Author(s). This is an open access article under the CC BY license (https://creativecommons.org/licenses/by/4.0/).
Citation: Xia Y., Zhu B., Geng M., et al. (2026). Measuring human likeness of artificial intelligence to natural intelligence. The Innovation Informatics 2:100047.
 
Natural intelligence  (NI)  is  considered  the  biological  foundation  and  ulti-
mate  aim  of  artificial  intelligence  (AI).  Leveraging  the  steep  increase  in
computational  power  and high-performance algorithms,  many AI-empow-
ered  applications  have  claimed  to  attain  human-level  natural  intelligence
and  behave  like  humans  in  certain  tasks.  However,  these  claims  are
primarily  based on the classical  Turing test  and heavily  rely  on the binary
self-reported ratings.  Here,  we introduced comprehensive behavioural  and
neural  measurements  to  quantify  the  continuous  distinctions  between  AI
and NI. An adaptive-learning nonverbal Turing test was used to imitate the
certainty  and  variability  of  human  behaviours  simultaneously,  and  typical
LLM-based  implementations  were  conducted  as  validation.  Our  results
clarify the human behavioural and neural sensitivity of evaluating AI human
likeness, extending Turing's testing criteria, and illustrate an empirical basis
for  pointing  out  directions  of  various  human-like  AI  applications  to
approach NI.

Artificial intelligence (AI) research learns from natural intelligence (NI)1,2 and
acts as the machine version of NI.3,4 And it facilitates the liberation of human
labour in a spectrum of human-involved tasks. In industrial manufacturing, AI-
driven robotic  systems  can  learn  operational  patterns  from  human  interac-
tions,  thereby  enhancing  adaptability,  predictive  maintenance,  and  overall
performance.5,6 Similar benefits  are  observed  in  other  areas  such  as  intelli-
gent  healthcare7,8 and  remote  education.9,10 Most  of  these  tasks  require  AI
systems to behave or interact at the human level. Generally,  humans exhibit
NI from cerebral neural networks,11,12 which is endowed by natural biological
evolution and allows us  to  cognize,  analyse  and behave intelligently.  On the
other  hand,  AI  tries  to  learn  from  NI  by  borrowing  or  imitating  functional
structures or operational principles of human brains.13 Following this train of
thought,  related  AI  methodologies  have  become  even  more  powerful  and
feasible  today  by  optimizing  neural  network  model  structures  or  adding
millions to billions of compute nodes.14,15 Recent advances in large language
models  (LLMs)  in  generative  AI,  such  as  DeepSeek,  ChatGPT,  Sora,  ERNIE
Bot, and DALL-E, have shown powerful text, image, and video generation abil-
ities  indistinguishable  from  those  of  human  creations.16-18 As  AI  systems
increasingly function as interactive agents rather  than passive tools,  human
likeness has emerged as a critical dimension of evaluation. Prior work shows
that humans naturally treat machines as social actors, applying human social
norms  and  expectations  even  to  artificial  systems.19 Human  likeness  may
significantly influence trust, engagement, and interaction outcomes,20,21 while
also introducing risks such as overtrust and misinterpretation of AI capabili-
ties.22 Therefore,  understanding  and  evaluating  the  degree  to  which  AI
systems  resemble  human  intelligence  is  essential,  not  only  for  improving
interaction  quality,  but  also  for  ensuring  safe,  predictable,  and  responsible
deployment. In this context, systematic and objective approaches to assess-
ing human-likeness are needed.

Currently,  the criteria  for  judging AI's  human likeness of  an AI  system are
insufficient. The classical "imitation game" proposed by Alan Turing in 195023

has  dominated  today's  behavioural  research  to  assess  various  AI

systems.24,25 And  we  followed  this  behaviourist  definition  of  "intelligence"  in
the  rest  of  the  paper.  The  classical  Turing  test  can  be  summarized  by  an
interrogator interacting with a human and an AI in a certain task (where each
party is physically separated and invisible from the other two), and attempt-
ing  to  distinguish  which  one  is  artificial.  If  more  interrogators  mistakenly
conclude that the AI is a human partner, then the AI is considered to have the
ability to exhibit human-like natural intelligence.

Turing test results rely heavily on binary self-reports (i.e., human or AI part-
ner)  from  interrogators.  For  instance,  the  Loebner  Prize,  which  aimed  to
select  the  most  human-like  AI  chatbot  following  the  classical  Turing  test
pipeline,  was  widely  criticized  as  chatbots  were  tuned  to  "fool"  the  poorly
qualified human judges in a given short timeframe. Furthermore, aggregated
binary decisions can barely reflect human decision boundaries or the drifting
process  of  implicit  cognition,26,27 raising controversy  regarding  its  effective-
ness  in  assessing  state-of-the-art  AI.28,29 To  overcome  this  limitation,  other
multidimensional criteria have been introduced to extend the Turing test. For
instance,  the  Total  Turing  test  added  other  behavioural  similarities  to  the
Turing test, such as the visual or motor ability of a robot, to better assess the
human likeness of AI  systems.30 However,  these additions are limited to the
behavioural level of the Turing test, which tends to be subjective and biased.
Therefore, better  objective  testing  criteria  and  advanced  unbiased  method-
ologies are urgently needed for assessing AI systems.

Here, we  extended  the  binary  evaluation  metrics  and  proposed  compre-
hensive measurements to leverage AI to NI. We designed an adaptive-learn-
ing  Turing  test  based  on  the  modified  human-machine  interaction  Joint
Simon (JS) task to imitate the process of AI learning from NI. The proposed
JS task  acts  as  a  typical  independent  collaboration  paradigm,  which  facili-
tates  inserting  interactions  taken  over  by  AI  during  collaboration  without
being  detected.  Additionally,  we  employed  functional  near-infrared spec-
troscopy  (fNIRS)  to  monitor  neurological  signature  changes  and  illustrate
how  humans  evaluate  AI  neurally.  Validation  experiments  were  performed
with  two  LLMs,  and  the  results  showed  promising  implementation  of  the
proposed method to evaluate various AI applications.

 Human-likeness: From AI to NI
In  this  study,  we  aimed  to  measure  the  human-likeness  of  AIs  from

behavioural and neural perspectives. To this end, we referred NI in this study
as  human  behavioural  performance  and  neural  activation  in  doing  certain
cooperative  tasks.  On  the  other  hand,  AI  refers  to  the  computer's  or
machine's performance in doing these tasks by adopting a similar approach
as humans. We regard the human likeness of AI system's behavioural perfor-
mance as the major criterion for their development towards NI. Generally, AI's
human  likeness  should continuously  increase according  to  its  development
and eventually reach 100% (from naively imitating humans to behaving iden-
tically  to  humans),  where  the  AI  is  identical  to  NI.  However,  the  process  of
increasing AI human likeness in terms of its development remains unknown.

We hypothesized that the increasing process of human likeness would be
monotonic,  which  meant  that  AI  development  could  positively  contribute  to
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the increase in human likeness.  In this case,  the corresponding gradients of
AI human likeness are potentially linear, quadratic, exponential, stepwise, etc.
Moreover, the thresholds of the increasing curves need to be investigated and
quantified.

 Adaptive-learning Turing test
We  propose  a  simple  yet  quantifiable  adaptive-learning  Turing  test  to

discretize  AI  learning  processes  into  equal-length  steps  and  examine
changes  in  human  likeness.  The  test  is  a  generalization  of  the  nonverbal
Turing test31,32 based on the modified human-machine interaction JS task,33,34

where two participants interact in a simple joint key-pressing task, and one of

them can be easily replaced by AI. In this task, a two-person dyad was asked
to respond to either yellow or blue circles and press fixed keys corresponding
to the colours. Each participant was in charge of only one colour. Both partic-
ipants  can  see  the  stimuli.  State-of-the-art  neuroscience  techniques  were
introduced to  quantify  the  correlations  of  neural  responses  during  interac-
tions35 and extend the criterion dimensions. The brain activity of each partici-
pant was monitored with an fNIRS optical topography system (Figure 1A).

The  test  consisted  of  two  phases:  (1)  a  warm-up  phase  (200  trials)  to
become familiar with each other and (2) a human-machine interaction phase
(20 blocks, 16 trials each, see Figure 1B for detailed experimental procedures
of  a  typical  block).  Participant  1  acted as  the  interrogator,  and Participant  2

 

Figure 1.  Experimental task and procedures (A) Experimental setup of the proposed adaptive-learning Turing test. (B) Experimental procedure of a typical block in the task. (C &
D) Output and display manners of the two types of blocks, where Participant 1 interacts with either AI (pink blocks) or the other human participant (blue blocks). The dark hand
indicates that the displayed reaction for Participant 1 was generated by AI for 15 of the 20 blocks. Participant 2 saw the real outputs of the two human participants for the entire
human-machine interaction phase. (E) Organizational details of the adaptive-learning Turing test. The human participants were told that they were interacting with the human
partner in the warm-up phase, and were asked to discriminate whether the partner was a machine or human in the human-machine interaction phase. AI was trained with input
data from Participant 2 in the warm-up phase, and generated stilted intelligent responses adaptively with an equal learning rate in 15 of 20 blocks in the human-machine interac-
tion phase.
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DNI ∼ G(μ,σ)

acted as the witness in the experiment. First, during the warm-up phase, each
participant  was  told  that  they  were  interacting  with  the  human partner,  and
was  required  to  pay  attention  to  the  reaction  patterns  from their  partner.  In
the  JS  task,  reaction  time  serves  as  a  direct  observable  dimension  through
which participants perceive and evaluate their  interaction partner.  Therefore,
we recorded the key-pressing reaction patterns of  Participant  2,  namely the
mean reaction time and standard deviation, in the warm-up phase online and
used  the  Gaussian  model  to  fit  the  reaction  time  distribution
(see Figure S1).

Next,  during  the  human-machine  interaction  phase,  each  participant  was
requested  to  discriminate  AI  from  a  human  partner  from  the  key-pressing
patterns at the end of each block (Figures 1C-E). Participant 1 conducted the
human-machine  interaction  experiment  with  AI-generated  responses  for  15
of the 20 blocks and with responses from Participant 2 for the rest 5 blocks.
Participant  2  conducted  the  human-machine  interaction  experiment  with
responses  from  Participant  1  for  all  20  blocks.  Each  participant  was  asked
whether  the  interacting  partner  was  human  or  machine  at  the  end  of  each
block (see Methods section for details).

DNI ∼ G(μ,σ)
DAI ∼ G(μ+0.4,0)

DAI ∼ G(μ,σ)

μ+0.4 μ μ+0.371
μ+0.343

σ 0.071σ 0.143σ

For these AI-generated responses shown to Participant 1 in the 15 human-
machine interaction blocks, we tuned the machine reaction time distribution,
imitating  the  reaction  patterns  of  Participant  2  using  the  fitted  Gaussian
model  in  the  warm-up phase.  The machine reaction time was
sampled  from  the  distribution  in  the  first  AI-generated
response  block  (slow,  no  variability)  and  in  the  last  AI-gener-
ated response block (identical to Participant 2). The mean and standard devi-
ation  values  of  the  Gaussian  distribution  for  the  other  13  AI-generated
response blocks were assigned a fixed learning rate. That is, the mean value
decreased  evenly  from  to ,  where  was  in  the  second
block,  in  the  third  block,  etc.;  and  the  variance  increased  evenly
from 0 to , where was  in the second block,  in the third block,

etc.; see Figure S2 and Table S4 for the model parameter details.
Using this design, the AI initially generated slow and stilted machine reac-

tions,  became  intelligent  by  gradually  obtaining  human-like  behavioural
patterns,24 and  ultimately  behaved  identically  to  the  human  partner.  Task
design  could  discretize  and  imitate  the  adaptive  learning  manner  of  AI
systems and facilitate quantifying corresponding human-likeness changes.

 Behavioural performance
The adaptive-learning Turing test was conducted on 50 dyads. The overall

behavioural performance was measured for the 15 human-machine interac-
tion blocks (see Figure  2 & S3 for details).  The average accuracy of  Partici-
pant  1  for  answering  questions  discriminating  AI  from  human  partners
decreased  from  98%  in  the  first  machine-active  block  to  26%  in  the  9th

machine-active  block  and  ranged  between  0.26  and  0.42  for  the  remaining
blocks. The  corresponding  median  reaction  time for  answering  these  ques-
tions ranged between 1.31 and 1.66 s. The mean reaction time for answering
the questions was greater due to outliers ranging between 1.40 s and 1.90 s.

DAI ∼ G(μ+0.23, 0.43σ)

The tendency of the accuracy curve for answering questions showed that
the  AI-generated  machine  responses  became  difficult  to  distinguish  from
human  responses  as  the  mean  reaction  time  and  variance  approached
humans. The accuracy decreased to less than 50% in the 7th block, where the
reaction  time  was  sampled  from .  The  accuracy
bounced back in the last 3 blocks, potentially resulting from a compensation
effect  of  the  imbalanced  human-human/human-machine  interaction  block
numbers.

 Neural performance
Performing interactive tasks and dynamically predicting mutual behaviours

can cause stronger interbrain neural activations among participants.36,37 Here,
we regarded the AI-generated stilted machine reaction as passive cooperation
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Figure 2.  Behavioural  performance (A)  Accuracy changes in  response to  the  questions of  Participant  1  interacting with  AI  in  15 blocks.  The yellow dotted line  indicates 50%
accuracy. (B) Accuracy for answering questions of each dyad, including both the experimental (Participant 1) and controlled (Participant 2) groups. (C) Violin diagram of the reac-
tion time of Participant 1 when answering the question at the end of each human-AI interaction block. (D) Average accuracy of Participant 1 to answer questions upon interac-
tions with AI, humans, or both. The yellow dot line indicates 50% accuracy. (E) Chess map of the sorted test results of Participant 1 for answering questions upon interacting with
AI.
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and the human-like machine reaction as active cooperation. As the machine reaction gradually approached human behaviours, the participants' interbrain

 

Figure 3.  IBS analysis and neural performance (A) Optode emitter setup for the fNIRS hyperscanning experiment. (B) Optode probe set located on the fronto-temporo-parietal
regions in the left cortex of each participant. (C) Channel-wise HbO amplitude time series extracted from both participants during the experiment. (D) Corresponding IBS time
series in the 0.01 to 1 Hz frequency band estimated by the WTC algorithm. (E) IBS values associated with the first and last blocks interacting with AI across all dyads, ranging
between 0.01 and 1 Hz. (FDR corrected, ** p < 0.01). The shade represents 2.5 standard error of the mean (s.e.m.). (F) Corresponding p value map for each channel in the FOI
across all dyads (FDR corrected). (G) Violin diagram of the IBS values in each human-AI interaction block. (H & I) Schematics of the permutation analysis. (J) Comparison of IBS
values of the permutation result histogram and true means of the original dyads.
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neural activations would strengthen as the machine progressively learned.38

We  used  interbrain  synchrony  (IBS)  as  the  neural  signature  to  measure
interbrain  neural  activations.  The  optodes  of  the  fNIRS  system  were  set  on
the  fronto-temporo-parietal  regions  in  the  left  cortex  (Figures  3A  & B).  The
oxyhaemoglobin (HbO) amplitude was extracted from homologous channels
in both participants (Figure 3C), and wavelet transform coherence (WTC) was
employed to estimate the IBS between these channel pairs (Figure 3D).  The
task-evoked  IBS  estimated  in  the  first  and  last  human-machine  interaction
blocks  were  compared  to  determine  the  frequencies  of  interest  (FOIs)  and
regions of interest (ROIs). The FOI ranged from 0.017 to 0.045 Hz (Figure 3E,
FDR corrected, ** p < 0.01). ROIs were mainly located in the left frontal region
(Figure  3F,  FDR corrected,  ** p < 0.01); these  were  consistent  with  the  find-
ings of  other studies on human social  cognition.39 The IBS estimated within
the 15 human-machine interaction blocks is shown in Figure 3G; here, the IBS
values were relatively steady at approximately 0.30 in the first 14 blocks and
then increased to 0.39 in the last block.

Permutation  analysis  was  conducted  to  verify  the  dyad-specific  IBS  by
shuffling  participant  pairs  and  forming  pseudo-dyads  (Figures  3H  & I).  The
permutation results are shown in Figures 3J, and it is confirmed that the task-
evoked enhanced IBS was dyad specific.

 Human-likeness scale from AI to NI
We investigated the hypothesis regarding the increasing human likeness in

relation to the development of AI from both behavioural and neural perspec-
tives.  We  fitted  tendency  curves  for  behavioural  and  neural  human  likeness
and  median  reaction  time  after  breakpoint  selection  (Figures  4A-C).  The
behavioural human likeness was quantified by the error rate (1 minus accu-
racy),  which indicated instances where the interrogator  misidentified the AI-
generated  machine  response  for  those  from  human  partners.  The
behavioural human likeness linearly increased from the first set and reached
its  maximum  in  the  9th block.  In  contrast,  neural  human  likeness  did  not
increase  until  the  AI  performed  identically  to  NI.  The  median  reaction  time
curve  was  fitted  by  a  quadratic  equation,  which  meant  that  the  interrogator
could easily discriminate the stilted and human-like AI at both ends but would
become confused as the AI-generated behaviours approached NI.

To conclude our answer, we plotted a time chart and schematic figures to
describe the human-likeness scale from AI to NI (Figures 4D & E).  From the
behavioural  perspective,  AI's  human  likeness  linearly  increased  when  its
behaviour approached NI. Interestingly, from the neural perspective, the inter-
rogator had the ability to subconsciously discriminate between the AI and NI
until the AI performed identically to NI. This suggests that although the inter-
rogator  was  implicitly  aware  of  subtle  differences  between  AI  and  NI  in  the
brain, they still tended to report incorrect answers.

Our empirical findings support the hypothesis: The process of AI's human
likeness  increases  linearly  behaviourally  and  stepwise  neurally.  The
behavioural threshold for human-like AI occurs much earlier than the neural
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Figure 4.  Summary of the results of the proposed experiment (A) Tendency of the behavioural experiment results. (B) Tendency of the neural experiment results. (C) Tendency
of the median reaction time when responding to the questions; all shades represented 2.5 s.e.m. (D & E) Line chart and schematic figures describing the relationship between the
AI development and human likeness. Human likeness gradually increased from a behavioural perspective and suddenly increased in the end from a neural perspective.
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threshold. Human brains can implicitly distinguish AI from NI as long as AI-
generated behaviour is not identical to human-generated behaviour.

 Validation on LLMs
We conducted an additional experiment utilising different LLMs to demon-

strate  the  typical  implementation  of  the  proposed  method  and  validate  its
effectiveness. The verbal Turing test with human- or LLM-generated conver-
sations were implemented as the interaction task, and both behavioural and
neural performance were assessed. Identical FOI and ROI were used to esti-
mate  the  IBS  as  that  of  the  main  experiment  (see Methods  section for
details).

Specifically,  ERNIE  Bot  and  DeepSeek  were  tested  to  generate  questions
and answers separately. The experimental procedures and results are shown
in Figure  5.  Similar  to  the  main  experiment,  we  focused  on  analysing  the
performance of Participant 1. From the behavioural performance perspective,
ERNIE  Bot  was  identified  as  the  human  partner  in  43.2%  blocks,  while
DeepSeek surpassed 50% and was comparable to human partners. From the
neural  performance  perspective,  the  average  IBS  value  of  ERNIE  Bot  has  a
significant  difference  from  that  of  DeepSeek  (p =  0.03,  FDR  corrected)  and
human  partner  (p =  0.03,  FDR  corrected),  and  the  IBS  values  of  DeepkSeek
and  human  partner  showed  no  significant  difference  (p =  0.99,  FDR
corrected).  From the proposed criteria,  we can conclude that  DeepSeek can
pass the Turing test both behaviourally and neurally.

 DISCUSSION
We analysed the tendency of AI human likeness with respect to its devel-

opment  from  both  behavioural  and  neural  perspectives.  Also,  we  proposed

comprehensive measurements to leverage AI and NI. Our method addresses
the  limitations  of  the  binary  self-reporting  approach  used  in  the  classical
Turing test by introducing IBS as a neural criterion. Our results indicated that
humans  had  different  thresholds  for  judging  AI  human  likeness  at  the
behavioural and neural levels. Furthermore, using neurological hints, humans
could discern subtle behavioural differences during human-machine interac-
tions.  Our  empirical  finding  allows  for  a  more  informed  assessment  and
alignment of various human-like AI.

Our  study  provided  the  following  key  merits  and  implications.  First,  the
original Turing test aimed to help humans assess AI-related human likeness
without  restrictions.  However,  many  AI  applications  were  assessed  within
constrained  task-solution  spaces  for  human-like claims,  which  oversimpli-
fied the  Turing  test's  original  intent.  In  contrast,  our  proposed  method  inte-
grates  explicit  self-reports  and  implicit  neural  indicators,  capturing  the
essence of the Turing test while relaxing the constraints.  Second, traditional
testing  criteria  often  rely  on  explicit  self-reporting  tasks  (e.g.,  yes/no
responses  or  confidence  ratings).  However,  interrogators'  subjective
consciousness can significantly bias the results.  Advantageously,  the neural
synchrony  metrics  of  our  proposed  method  implicitly  evaluated  attitudes
towards AI's human likeness, mitigating self-reporting bias and complement-
ing  the  Turing  test  criteria.  Third,  although  the  Turing  test  has  been  widely
used  to  assess  AI  in  human-machine  interaction  tasks,  the  focus  has  been
on whether  the  AI  could  finish  the  task  properly.  Our  study  takes  an  addi-
tional step by treating AI as an independent "social being" and assessing its
human likeness purely based on social interactions. This perspective extends
the basics of the Turing test. Fourth, the observed surge in neural synchrony
towards  the  last  block  is  a  particularly  intriguing  phenomenon,  displaying  a

 

Figure 5.  Experimental procedures and results of the verbal Turing test (A) Experimental setup of the test. (B) Experimental procedure of a typical block in the task. (C) Organi-
zational  details of  the verbal  Turing test.  (D) Average percentage of Participant 1 to identify the partner as a human. The yellow dotted line indicates 50% accuracy.  (E)  Violin
diagram of the reaction time of Participant 1. (F) Average IBS values in each human-AI interaction type. (FDR corrected, * p < 0.05, n.s. represents no significant difference).
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distinct  pattern  compared  to  the  behavioural  results.  We  suggest  this  may
reflect  increased  sensitivity  at  the  neural  level,40,41 with the  brain's  dichoto-
mous  response.  Specifically,  the  brain  seems  to  categorize  the  interactive
entity  as  either  human  or  AI,  with  no  middle  ground.  Confusion  arises  only
when human and AI behaviours become highly similar. The last block of the
experiment  may  have  reached  this  threshold  of  similarity,  triggering  the
sudden increase in synchrony as the brain mistakenly identifies AI as human.
Last,  a  "compensation  effect"  appeared  in  the  last  three  blocks  of  the
behavioural  outcome,  likely  due  to  biases  in  decision-making.  After  Block  9,
the behavioural performance plateaued, suggesting participants struggled to
differentiate between humans and AI. Based on the low accuracy in Blocks 9-
12,  participants  exhibited  an  increased  tendency  to  choose  'human'.  As  the
task  became  harder,  they  likely  adopted  a  strategy  of  balancing  responses,
selecting 'AI' more often to even out the distribution, which may have boosted
overall accuracy.

As  the  validation  test  shows,  our  proposed  method  could  be  generalized
and  implemented  beyond  RT  to  richer  behavioural  spaces,  to  assess  the
human likeness of  various AI  applications.  We acknowledge that  motor  and
verbal coordination involve distinct neural processes. However, our method is
not tied to any specific modality, but rather to the perceived coordination and
synchrony  between  agents.  AI  applications  should  first  undergo  the  Turing
test to  determine  whether  they  can  pass  it  behaviourally.  Their  human like-
ness can be relatively quantified based on the behavioural rating, which tends
to be linear.  Moreover,  neurological  IBS can be simultaneously  estimated to
determine whether AI can stimulate neural synchrony similar to that observed
in humans. If the AI can pass both the behavioural and neural test, it can be
considered identical to humans.

Our  analysis  has  several  limitations  that  point  to  important  avenues  for
future research. One important aspect is that the simple key-pressing experi-
ment  test  lacks  rich  social  cues  in  naturalistic  interactions.  We  chose  this
experiment setup  as  it  had  excellent  quantitative  metrics  with  few  interfer-
ence  factors  and  was  highly  controllable.  Importantly,  intelligence  and
consciousness  are  multifaceted  constructs,  but  the  proposed  research  only
investigated the pathway through AI to NI from the behaviour and cognition
similarity perspective. We acknowledge that verification of the generalization
ability  of  the  proposed  research  in  more  complex  cognitive  and  emotional
domains,  such  as  various  social  collaborative  environments  or  multimodal
settings,  should  be  further  tested  elaborately.  Other  AI  evaluation  pipelines
beyond behavioural tests, such as pattern-recognition intelligence tests,42 can
be fruitful to complement the proposed work by adding more dimensions to
the  evaluation  criteria.  Though  our  experiment  extends  the  classical  Turing
test to the neurological level, the test-setting framework may not be applica-
ble  or  generalizable  to  all  AI  application  scenarios.  In  some  face-to-face
human-machine  interaction  tasks,  the  neural  synchrony  of  the  interrogator
may be  weaker  when facing the  machine  partner.43 Importantly,  research in
social neuroscience has shown that interactive contexts not singly captured
by IBS,  but  are  associated with  coordinated changes across multiple  neural
levels,  including  inter-brain  synchrony,  intra-brain  activation  patterns,  and
functional  connectivity  within  social-cognitive  networks.44 Therefore,  future
efforts  on  exploring  alternative  neurological  metrics  beyond  IBS  could
compensate for the deficiencies of our proposed testing method. Alternative
neural or behavioural metrics such as EEG, fMRI and pupillometry can serve
as  complementary  measures  when  IBS  is  unavailable  due  to  specific  task
settings or equipment limitations. Such studies could strengthen our theoret-
ical  findings  and  improve  the  explainability  and  robustness  of  the  proposed
method.

There is a surging demand for modern human-like AI  systems and appli-
cations  to  collaborate  closely  and  intelligently  with  humans.  Specifically,
robots  with  more  human-like  attributes  are  more  likely  to  be  perceived  by
humans as potential collaborators,45 which may facilitate human-AI coopera-
tions.  Meanwhile,  the  misuse  of  LLM-based  human-like  content  generation
tools  must  be  correctly  identified  for  better  regulation  purposes.46 All  these
needs can be fulfilled by properly measuring the human-likeness of AI to NI.
Our experimental results indicate that future AI should not only mimic human
behaviour, but also synchronize seamlessly with humans during interactions
to  become  an  ideal  fit  for  various  human-machine  cooperation  tasks.  We
believe  the  solution  to  improve  AI's  human  likeness  would  not  be  simply

providing  exponentially  more  data  to  deeper  neural  networks.  We  underline
the  importance  of  developing  human-like  AI  by  imitating  specific  cerebral
functions or  neural  information processing pipelines.47,48 For  instance,  in  the
case of  ChatGPT and other  LLMs,  although its  plausibility  has increased by
feeding  numerous  labelled  data,  its  reliability  has  decreased  notably  and
cannot  be  ensured  in  workflows.49 Brain-inspired algorithms  or  neuromor-
phic computing techniques need to be developed.50,51 These approaches hold
promise for  enabling various AI  systems to achieve a level  of  sophistication
comparable to NI in the future.

 EXPERIMENTAL PROCEDURES
 Resource availability

 Materials availability. This study did not generate new unique materials.
 Data  and  code  availability. The  implemented  adaptive-learning  Turing

test  source  code  and  the  processed  data  used  in  the  main  experiments  to
support the findings are publicly available in the following Zenodo repository:
https://doi.org/10.5281/zenodo.11381796.52 The  data  and  code  associated
with the  validation  experiment  are  available  in  the  following  Zenodo  reposi-
tory:https://doi.org/10.5281/zenodo.15546296.53

 Ethical  approval. The  experimental  procedures  were  approved  by  the
Research  Ethics  Committee  of  the  Department  of  Psychology  and
Behavioural  Sciences,  Zhejiang  University  ([2021]024).  The  study  was
conducted in accordance with the ethical standards of the 1964 Declaration
of  Helsinki.  The  inclusion  criteria  can  meet  the  Global  Code  of  Conduct.  All
participants  provided  written  informed  consent  before  the  experiment,  and
the  possible  consequences  of  the  study  were  explained.  Specifically,  before
the  experiment,  participants  were  informed  that  they  would  unknowingly
interact  with  either  humans  or  AI  and  make  judgments.  Afterward,  we
provided a full  and honest explanation of the experimental  design.  Addition-
ally,  all  data  is  securely  stored  and  kept  confidential  in  accordance  with
privacy and ethical guidelines.

 Participants
For the main experiment, one hundred right-handed undergraduate/gradu-

ate  students  (18-33  years  old,  mean  age=21.84±2.88,  52  female)  from
Zhejiang  University,  forming  50  dyads,  were  recruited.  Previous  studies54,55

suggested  this  sample  size  is  sufficient  to  detect  meaningful  effects  and
ensure the robustness of the results. Moreover, we performed a priori power
analysis using G*Power 3.156 to estimate the appropriate number of  partici-
pants. The effect size (dz) was estimated to be 0.6 based on previous stud-
ies that used the JS task in fNIRS research.54,55 The power calculation yielded
an estimated minimum of 45 pairs of participants to detect the IBS with 90%
power  (with  α  set  to  0.01).  For  the  additional  validation  experiment,  we
recruited other 54 participants, forming 27 dyads. The participants are right-
handed undergraduate/graduate students (18-33 years old, mean age=21.94
±  3.01).  The  sample  size  was  determined  using  a  medium  effect  size
(Cohen's  d  =  0.5),  which  was  based  on  the  study  on  LLMs.34 The  power
calculation  yielded  an  estimated  minimum  of  27  pairs  of  participants  to
detect  the  IBS  with  80%  power  (with  α  set  to  0.05).  All  participants  were
prescreened  to  ensure  that  none  came  from  disciplines  directly  related  to
artificial  intelligence  or  cognitive  science.  Each  dyad  was  formed  with  two
participants of the same sex following previous evidence and recommenda-
tions to mitigate the confounding effects elicited by sex compositions.57

 Experimental setup and stimuli
The experiment was conducted in a noiseless room. The two participants

sat side by side, were separated by a partition, and faced the display screens
and  keyboards,  as  shown  in Figure  1A.  The  experimental  program  for  the
adaptive-learning  Turing  test  was  developed  using  the  PsychoPy  library
under the Windows system, and all  screens and keyboards were connected
to  one  host.  The  experimental  stimuli  were  designed  using  the  interactive
button-pressing  task.  During  the  experimental  trials,  yellow  and  blue  circles
were randomly presented on the left or right on the black background of the
display screen, with a white fixation cross in the middle for position instruc-
tion  purposes.  Each  participant  was  in  charge  of  a  fixed  colour  stimulus,
regardless of the position.
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 Turing test experiment
The adaptive-learning Turing test  experiment  was divided into  the  warm-

up phase and the human-machine interaction phase (Figure 1E).
The warm-up phase consisted of two cooperation blocks, and each block

contained  100  trials.  Both  the  colours  and  positions  of  the  stimuli  were
generated in a random order, and the total number of each stimulus was the
same (25 trials per type in each block).  The participants were informed that
they were interacting with each other and should be familiar with the other's
reaction patterns. During the warm-up phase, participants were not aware of
any potential AI involvement. This design ensured that participants formed an
initial  representation  of  a  human  interaction  partner  without  bias.  Note  that
we recorded the response times of Participant 2 under the premise of press-
ing the correct button to calculate the machine's sampling response time (i.e.,
fitting the Gaussian model) required in the second phase of the experiment.

The human-machine interaction phase consisted of 20 blocks, including 5
human-human interaction blocks and 15 human-machine interaction blocks.
Each block contained 16 trials (4 trials per type, randomly ordered). The first 2
blocks  were  human-human  interaction  blocks,  and  the  following  18  blocks
were equally divided into 3 parts, each containing 6 consecutive blocks. Each
6-block  part  included  1  human-human  interaction  block  and  5  human-
machine interaction blocks in random order. The participants interacted with
each other  in  the human–human interaction blocks.  In  the human-machine
interaction  blocks,  Participant  1  was  interacting  with  the  machine,  whose
reaction  time was generated by  an  adaptive-learning AI.  At  the  end of  each
block,  participants  were  asked  to  answer  the  question  "Do  you  think  the
human partner did the task, or the machine did the task?" The maximum time
allowed for answering the question was set to 6.0 s. The details can be found
in Supplementary Note 1.

GNI(μ,σ) μ
σ

GAI(μ+x,0)

GAI(μ,σ)
x

k GAI(μk,σk)

 Machine reaction time calculation. We first recorded the reaction time of
Participant  2  in  the  warm-up  phase  (100  trials)  and  employed  a  Gaussian
model  to  fit  the  reaction  time distribution  online  before  entering  the  second
phase;  this  can  be  denoted  as ,  where  is  the  mean reaction  time
and  represents  the standard deviation.  In  the human-machine interaction
phase,  there  were  15  blocks  for  human-machine  interaction.  The  machine
reaction time was generated by an adaptive-learning AI with a fixed learning
rate  for  these  human-machine  interaction  blocks.  Specifically,  the  reaction
time  was  generated  by  sampling  from  in  the  first  human-
machine  interaction  block  (acting  as  primitive  and  stilted  AI)  and  from

 in the last human-machine interaction block (behaving identically to
Participant 2).  The time delay parameter  was set to 0.4 s,  which could be
easily distinguished by most participants in the test. The AI-generated reac-
tion  time  of  the -th  human-machine  interaction  block  could  be
calculated as follows:

μk = μ+
K−k
K−1

x,

σk =
k−1
K−1

×σ, (1)

K= 15
k= 1,2,3, . . . ,15

where  and is the total number of human-machine interaction blocks
and .  The  equations  indicate  that  AI  human  likeness
increases  over  time during  human-machine  interaction  blocks  (Supplemen-
tary Note 2). The pattern for AI-generated reaction time is more similar to that
of the human participant than to that of the previous human-machine inter-
action block, with less behavioural difference and more variability.

 Behavioural data analysis
The binary answer of Participant 1 to the question (Do you think the human

partner  did  the task,  or  the machine did  the task?)  at  the end of  each block
was recorded and used to assess the behavioural performance of the AI. The
reaction time utilized by Participant 1 in response to the question at the end
of each block was recorded to perform the behavioural analysis.

 fNIRS data acquisition
We  used  a  LightNIRS  optical  topography  system  (Shimadzu,  Japan)  to

simultaneously monitor  and  record  brain  activity  in  the  dyads  (i.e.,  hyper-
scanning58).  The configuration of  the optodes featured 16 light  emitters and

16  detectors  clustered  over  the  fronto-temporo-parietal  regions  in  the  left
cortex; this configuration was based on previous studies showing that these
regions  were  strongly  associated  with  social  interaction  and  learning
tasks.59-61 Each  emitter-detector  pair  formed  one  channel,  resulting  in  24
channels per participant, as shown in Figure 3B.

The  modified  Beer-Lambert  law62 was  then  used  to  estimate
oxyhaemoglobin  (HbO)  and  deoxyhaemoglobin  (HbR)  concentrations.  We
focused on the HbO concentrations in the experiment,  which showed better
sensitivity  to  cerebral  blood  flow63 and  a  higher  signal-to-noise  ratio  than
HbR.64,65 The controlled analysis of HbR can be found in Supplementary Note
3, where the parallel analyses returned analogous results.

 fNIRS data analysis
 Preprocessing. The collected  fNIRS  data  were  preprocessed  and  visual-

ized  using  the  NIRS-KIT  toolbox.66 The  correlation-based signal  improve-
ment (CBSI) method was employed to reduce motion-induced artefacts.67 We
did not use any filtering or detrending techniques for HbO signals.

 Interbrain synchrony (IBS). Given a pair of signals collected from homol-
ogous  regions  (Figure  3C),  we  employed  the  wavelet  transform  coherence
(WTC)  algorithm68,69 to  estimate  the  IBS  within  the  dyads  (Figure  3D).  The
WTC can be defined as follows:

WTC(t,s) =

∣∣∣s−1WWW ij
(t,s)

∣∣∣2

∣∣∣s−1WWW i
(t,s)

∣∣∣2∣∣∣s−1WWW j
(t,s)

∣∣∣2 , (2)

t i j WWW
s

where  denotes the time,  and  are two signals,  is the coefficient matrix
calculated  by  the  continuous  wavelet  transform,  and  is  the  wavelet  scale
parameter.  We  defined  the  average  WTC  value  in  a  specific  frequency  bin
over homogeneous channels from a dyad as the corresponding IBS, which is
consistent with previous studies.

 Task-evoked  IBS. Task-evoked  IBS  can  be  analysed  using  the  following
steps.  First,  we estimated the IBS within each block of  the task and defined
the  target  and  baseline  conditions.  Previous  studies  have  shown  that  an
active  task  condition could  be  a  better  baseline  than the  rest  conditions.57,70

Hence,  we selected the  first  human-machine interaction  block  as  the  base-
line  and  the  last  human-machine  interaction  block  as  the  target  to  detect
enhanced IBS.

Second,  we  averaged  the  IBS  across  all  channels  in  each  dyad  and
selected  frequencies  of  interest  (FOIs).  We  compared  the  average  IBS
between the target and baseline conditions for each frequency bin within the
entire frequency range (0.01-1 Hz; see Table S1)71,72 using a series of paired
one-sided t tests  (see Figures  S3 & 4).  This  frequency  range  covered  all
frequencies investigated in previous fNIRS hyperscanning studies. Given the
large  number  of  statistical  tests  performed  across  multiple  frequency  bins,
we  applied  the  false  discovery  rate  (FDR)  correction73 to  control  multiple
comparisons,  setting  the  significance  threshold  at  0.01.  The  FOIs  were
chosen  between  0.017  and  0.045  Hz  (Table  S2);  this  range  was  consistent
with  the  claim that  low-frequency  oscillations  (0.01-0.1 Hz)  were  more  reli-
able signatures of neural synchronization.72 FOIs excluded physiological noise
such as Mayer waves (0.1 Hz), respiration (0.15 to 0.3 Hz), and cardiac pulsa-
tion (> 0.7 Hz).

Third,  the  regions  of  interest  (ROIs)  were  identified  following  the  same
procedure.  We  compared  the  average  IBS  between  the  target  and  baseline
conditions for each homogenous channel combination within the FOIs using
a series  of  paired one-sided t tests.  The FDR-corrected p values of  the  ROI
tests  are  illustrated  in Figure  3F.  Since  the  activated  brain  area  was
composed  of  adjacent  channels  rather  than  sparse  channels,  we  selected
CHs 1-5 (CHs 25-29 in Participant 2; Table S3) as the ROIs for spatial conti-
nuity  purposes.  The  IBS  values  used  in  this  experiment  to  generate  results
were averaged across all FOIs and ROIs.

 Permutation  test. We  performed  a  permutation  test  to  validate  whether
the  detected  IBS  was  specific  to  real  dyads.  We  randomly  repaired  signals
from  all  participants  into  newly  shuffled  dyads  (Figures  3H & I)  and  recon-
ducted  the  IBS  analysis.  The  permutation  test  was  conducted  2,000  times.
The HbO time sequences extracted from each pseudo-dyad were trimmed to
an  equal  length.  The  average  IBS  values  from the  pseudo-dyads were  esti-
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mated following the same procedures and compared with the real values to
verify that the task-evoked enhanced IBS was dyad specific.

 Tendency curve estimation

y= kx+c

y= c

y= ax2 +bx+c

We  used  the  curve  fitting  toolbox  of  MATLAB  to  fit  the  tendencies  of  the
behavioural/neural  experimental  results  and  reaction  time.  Specifically,  we
employed  basic  functions  (e.g.,  constant,  linear,  and  quadratic  functions)  to
describe  the  tendencies.  We used linear  equations (i.e., )  to  fit  the
two  segments  of  the  behavioural  results  and  the  second  segment  of  the
neural result and used a constant value ( ) to fit the first segment of the
neural  result.  The  breakpoints  were  selected  by  minimizing  the  root  mean
square  errors  (RMSE).  The tendency of  the  median reaction  time was fitted
by a quadratic equation (i.e., ). See Supplementary Note 4 for
details.

 Validation experiment
The  validation  experiment  was  conducted  following  protocols  similar  to

those used in the main experiment, and the fNIRS data were recorded simul-
taneously.  The  colour  stimuli  and  key-pressing  reactions  were  replaced  by
interactive  conversations  in  a  typical  verbal  Turing  test,  where  Participant  1
asked a  question,  and  Participant  2  answered  the  question.  Both  the  ques-
tions and answers contained three types of responses, separately generated
from DeepSeek and ERNIE Bot, as well as human volunteers. To standardise
the experimental  procedure,  all  verbal  materials  were collected or  generated
before the experiment, and trimmed to a similar length (in Chinese, 20 char-
acters).

The experiment contained 9 blocks, including 3 human-human interaction
blocks, 3 human-DeepSeek interaction blocks, and 3 human-ERNIE Bot inter-
action blocks. Each block contained 12 trials with the same interaction type.
In each trial, Participant 1 chose a question from two options, and Participant
2 chose  a  preferred  answer  to  the  question  from  two  options.  Both  partici-
pants  can see the question or  answer  selected by  the partner.  The order  of
displayed  questions  was  randomised  before  each  experiment.  After  each
block,  participants  were  asked  to  answer  the  question  "Which  do  you  think
executed  the  task:  the  human  partner  or  AI?"  More  details  can  be  found  in
Supplementary Note 5.
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