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Figure 5: Observed distribution parameters and predicted perceptual behaviour of atypi-
cal groups. Observed distribution parameters (a, b), and predicted perceptual behaviour in
volatile environments (c, d) for atypical groups, compared to neurotypical trajectories. Ob-
servers with borderline personality disorder (BPD, all female) are compared to neurotypical
females of di erent ages. Observers with autism spectrum disorder (ASD, all male) are com-
pared to neurotypical males of di erent ages. (a, b) Ellipsoids represent mean SEM values for
BPD (purple) and for ASD (in orange). (c, d) Coloured volumes represent con dence inter-
vals (standard deviation) for BPD (purple) and for ASD (in orange). The dominance period
statistics and perceptual predictions of both groups fall outside the typical developmental and
maturational trajectory.
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consequence of a sharp gonadal hormone falloff later in life in females [65], while
the gradual change might be reflecting the progressive decline of sex hormones
in males [66].

In terms of perceptual parameters estimated by our model, females are char-
acterised by increasing values of stability, sensitivity, and exploration during
adolescent development. Peak values of all three parameters are reached by
twenty, defining a sweet-spot of optimal function for perceptual decisions. After
the peak, a moderate decline can be observed until menopause, which is similar
in all three parameters. Signs of a stability-sensitivity trade-off can be observed
after menopause when stability declines sharply, with slight increases in sensi-
tivity and exploration, following the male pattern in this age-group. Males, on
the other hand, have peak values of sensitivity and exploration by the age of
sixteen, exceeding the highest female levels. The heightened sensitivity is cou-
pled with extreme low levels of stability, demonstrating a clear trade-off between
these parameters that might show up so distinctly only in the higher parameter
ranges. Until the mid-twenties, stability rises at the expense of sensitivity and
exploration. The male sweet-spot of optimal function seems to be characterised
by lower sensitivity and exploration levels, but a higher level of stability as
compared to females. After the peak, males decline progressively in stability.
This intriguing and complex pattern in the lifespan evolution of the two sexes
demonstrates, on one hand, that the rules of growth are not uniform even in
the developmental period, and on the other hand, it clearly shows that ageing is
not simply the “reverse” of development as it has been suggested with respect
to other cognitive functions as well [67], even though, to our knowledge, such a
detailed pattern of later development has not been described before.

Given the obvious biological determination reflected in the age- and sex-
specific differences, we interpret this pattern of findings as a result of alternative
developmental strategies. It seems that females approach the peak in all three
parameters faster, and although this provides them with lower peaks as com-
pared to males, it also seems to provide for a greater stability throughout the
childbearing years, with a major decline only after menopause. The trade-off
between stability and sensitivity is more obvious in males who start with max-
imum levels of sensitivity and exploration mid-adolescence, and in parallel to
stability building up by the mid-twenties, a great deal of sensitivity is lost. The
greater exploration range in the early years, the higher apex, and the continuous
decline after the apex might indicate a developmental strategy to fine-tune the
individual for the age of highest fertility in males [68]. Although sex-difference
research cannot always escape design flaws and misinterpretation, we believe
that our carefully collected and analysed data-set reveals biologically grounded
cognitive differences between the sexes without the indictment of “neurosex-
ism” [69]. These alternative developmental strategies - one focusing on stability
throughout the childbearing period, and the other, focusing on highest per-
formance by the peak fertility age - are particularly interesting in the context
of perceptual decisions. Decisions made between alternatives, even if not voli-
tional or highly conscious, make up our everyday life, and the particular style
with which we are dealing with those decisions will, in fact, determine our life.
It makes a difference, for example, whether our brain is tuned to be relatively
insensitive to environmental changes, rendering decisions stable and stereotypi-
cal and preventing extensive exploration or, in another scenario, whether higher
sensitivity is combined with a heightened inner drive for exploration. In the first
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case, we might function with high stability and acceptable sensitivity in a man-
ner that provides for our offspring, whereas, in the second case, we might forgo
stability and explore with high sensitivity in a manner that procures optimal
mates for reproduction. At this point, we can only speculate that there is in-
deed a direct link between gonadal hormone levels and perceptual performance
throughout the lifetime, and further investigations into this issue are definitely
due. However, the pattern in our data seems to be very compelling, and sug-
gests that age- and sex-specific variations should not be overlooked when testing
psychological function.

After obtaining such fine-resolution developmental and maturational lifetime
trajectories of neurotypical subjects, it is of particular interest how these would
be drawn when biological conditions or environmental factors are not adequate
for typical development. To this end, we have tested two psychiatric groups:
adult participants with borderline personality disorder and with autism spec-
trum disorder. In terms of our measures, the perceptual parameters of these
patient groups (all males for ASD, and all females for BPD) fell completely out-
side of the typical developmental trajectories for their respective sex —i.e., adults
with these disorders differed not only from neurotypical adults of a similar age,
but from the measures of any examined ages, probably missing the sweet-spot of
optimal function at an earlier age. In terms of the trade-off, both patient groups
demonstrate sensitivity and exploration levels beyond the range of neurotypical,
while stability is reduced markedly only in males, resembling the pattern seen
in neurotypicals. As all psychiatric patients in the study were adults, we cannot
pinpoint the when-and-how of the deviations from typical trajectories in ASD
and BPD from these results. It is likely that the onset of deviations is present
from early childhood in ASD as sensory symptoms and differences in visual
perception are already present in childhood [70], and multistable perception al-
ready differs from that of typically developing children before adolescence [36].
Since BPD is not characterised as a neurodevelopmental disorder, deviations
probably have a later onset. By adolescence, the disorder can be reliably di-
agnosed [52], so the deviations from typical trajectories likely occur during, or
somewhat before, adolescence.

In interpreting the clinical findings, it should be mentioned that BPD is a dis-
order that predominantly affects females [50] (but note that a study found equal
prevalence of BPD among the sexes in the general population [51]). Distinctive
patterns in hormone levels, especially the relative changes in ovarian hormones
may induce the expression of BPD features [71]. Our BPD participants seem to
be in a much higher sensitivity and exploration range than neurotypical women
of the same age, however, this is obtained at the expense of stability, demon-
strating the force of the trade-off, especially outside of the sweet-spot. In the
light of our neurotypical results and the particular hormonal impact on the psy-
chopathology of BPD, it is in our future plans to include hormonal assessments
in the toolkit of the current study.

With respect to ASD which is more often diagnosed in males [50], a similar
tendency can be observed: increased levels of sensitivity and exploration and
reduced stability as compared to neurotypicals of similar age. Although female
under-diagnosis [72] should not be overlooked, a popular theory of autism claims
that the autistic brain is a hypermasculinized version of the male brain due to
increased fetal testosterone levels [73]. In terms of excessive levels of sensitivity
and exploration, our result supports this picture, although alternative interpre-

15


https://doi.org/10.1101/2021.02.11.430816

bioRxiv preprint doi: https://doi.org/10.1101/2021.02.11.430816; this version posted February 12, 2021. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

tations, such as a general drawback of sex differentiation [74,75] cannot be ruled
out. Including female ASD participants, and hormonal assessments would be
essential in further studies.

Our results regarding ASD and BPD may inform the field of computational
psychiatry, which aims at the large-scale phenotyping of human behaviour us-
ing computational models, with the hope that it may structure the search for
genetic and neural contributions of healthy and diseased cognition [76]. Within
this field, the framework of developmental computational psychiatry aims to
establish normative developmental trajectories of computations, relate them to
brain maturation, and determine when and how they deviate in mental disor-
ders, in order to help uncover the relationship between the changes of brain
organization in childhood and adolescence, and the heightened vulnerability to
psychiatric disorders in these periods [15]. Our results fit into this framework
by establishing typical developmental trajectories of visual decision making, and
relating results from subjects with mental disorders to these trajectories. They
also may serve as a small step of the large-scale phenotyping efforts to better
understand the nature of mental disorders in terms of aberrant computations.

Since we did not employ any neuroimaging methods in this study, we can
only speculate about the changes of brain structure underlying the observed
developmental and maturational trajectories. While the overall structure, or-
ganization, and connectivity of the brain is established by birth, important
changes take place in later development in structural brain connectivity [1-5],
with known differences between the sexes [8-10]. Our results roughly follow the
course of the described overall structural changes, although beyond the teenage
years, maturation is reflected more in the specialization of the brain than in
anatomical growth [77]. The specialization of neural systems results in a shift
from local to distributed connectivity profiles (i.e., short range networks weaken,
while long-range networks strengthen), changes in the strength of specific net-
works, and in the hierarchical modular structure of networks, e.g., in the brain’s
hub structure [78]. The long-range pliability of the brain both in terms of con-
nectivity is coupled with prominent vulnerability to mental disorders [14,15]. In
ASD, studies examining functional connectivity have heterogeneous results with
converging evidence, suggesting global under-, and local overconnectivity of the
brain, supporting a theory of less segregation within functional networks, and
more diffuse connectivity between some networks in ASD [79]. A recent study
suggests that the macroscale cortical hierarchy is disturbed in ASD, with re-
duced functional distance between the sensory areas and unimodal convergence
regions at one end of the hierarchy, and transmodal association cortices on the
other [80]. Results of both under- and over-connectivity in different regions
are reported in BPD [81], with a study showing, among other alterations in
network connectivity, higher connectivity within some non-hub nodes, and de-
creased connectivity at several hub nodes [82]. The connectivity of hub regions
in the association cortex, which is remodeled in adolescence [11], and some of
which show decreased connectivity in the observed psychiatric disorders, may
be a potential link to connect our results of marked developmental changes in
adolescence, and the similarly-differing atypical results in ASD and BPD.

To conclude, in our detailed study on the lifespan trajectories of perceptual
performance employing a no-response binocular rivalry paradigm combined with
dynamic computational modeling, we have found characteristic age- and sex-
specific developmental and maturational trajectories, with marked differences
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between neurotypical and psychiatric populations. These trajectories should
serve to better describe our own neurocognitive phenotype and reveal relevant
factors behind atypical development underlying mental health disorders.

4 Methods

4.1 Participants

A total of 107 participants took part in the binocular rivalry experiment: 28
twelve-year-old (19 female), and 19 sixteen-year-old (10 female) children; 52
neurotypical adults (average age 35.9, range 18 to 69, 32 female); 12 adults with
autism spectrum disorder (ASD, average age 29, range 19 to 44, n=12, all male),
and 12 adults with borderline personality disorder (BPD, average age 27, range
20-37, n=12, all female). Participants were considered typically developing, or
neurotypical, if they reported no history of mental illness or disorder.

Nine of the twelve participants with ASD were recruited from the Depart-
ment of Psychiatry and Psychotherapy, Semmelweis University. These partici-
pants were diagnosed by a trained psychiatrist. They went through a general
psychiatric examination, and their parents were interviewed about early autism-
specific developmental parameters. All participants fulfilled the diagnostic cri-
teria of ASD, including autism-specific signs between the ages of 4-5 years. The
other three participants in this group were recruited from Aura Organization, a
nonprofit organization assisting people with ASD. We did not collect further di-
agnostic information from these participants. The participants with BPD were
all recruited from the Department of Psychiatry and Psychotherapy, Semmel-
weis University. Their diagnostic status was assessed by the Hungarian version
of the Structured Clinical Interview for the Diagnostic and Statistical Manual
of Mental Disorders, fourth edition, Axis I and II disorders.

All participants had normal or corrected to normal vision, and reported no
colour blindness. Before the experiment, all participants passed a stereoacuity
test (Super Stereoacuity Timed Tester, by Stereo Optical Co., U.S. Patent No.
5,235,361, 1993). All adult participants, and all the children’s caregivers have
provided informed written consent. The study was approved by the Ethical Re-
view Committee of the Institute of Psychology, Pdzmény Péter Catholic Univer-
sity for neurotypical participants, and by the Semmelweis University Regional
and Institutional Committee of Science and Research Ethics for participants
with a psychiatric condition. Participants were given a book voucher for their
participation.

4.2 Binocular rivalry experiment

Participants were fixated at a headrest during the experiments (SR Research
Head Support, https://www.sr-research.com). The setup for dichoptic stimu-
lation consisted of two LCD displays (subtending 26.6° horizontally and 21.5°
vertically, with an approximate resolution of 48 pixels/® of visual angle, and
a refresh rate of 120 Hz), which participants viewed through two 45° mirrors,
attached to the headrest. The mirrors were coated, such that they reflected
the visible light spectrum, but transmitted infrared light, allowing the use of an
infrared camera for optical eye tracking.
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The participants viewed green-and-black gratings with one eye, and red-and-
black gratings with the other eye. The gratings moved horizontally, either con-
sistently (in the same direction), facilitating perceptual fusion, or inconsistently
(in opposing directions), facilitating perceptual rivalry. Each grating subtended
a rectangular area of 15.2° width and 8.4° height. The spatial frequency was
0.26 cycles/°, and the temporal frequency 8.7 cycles/s. The motion’s speed was
33.5°/s or 1600 pix/s. Gratings were framed in a rectangular box with a random
texture pattern, in order to facilitate binocular fusion. Stimuli were generated
with Psychophysics Toolbox 3 [83-85] running under MATLAB R2015a. The
display’s spatial resolution was 48 pix/°, and its temporal refresh rate was 120
Hz.

Before the experiment, participants were asked to view the display as at-
tentively as possible, and to follow the horizontally moving gratings with their
gaze. This was introduced with analogies such as “follow them like you would
follow passing trees on a moving train”. We did not tell them that they will
see rivalling stimuli, only that if the direction of the gratings they see will seem
to change, let their gaze change direction too. We asked them to refrain from
blinking as much as convenient. Participants did not have to report which stim-
uli they were perceiving at any time. Instead, perceptual states and transitions
were calculated from eye-movement recordings.

The experiment consisted of ten trials, each 95 s long. The initial trial
(introductory trial) served to familiarize participants with the display, and was
not included in the analysis. It started with 22 s of consistent grating motion in
alternating directions, followed by 72 s of inconsistent motion, and finishing with
1 s of consistent motion. During the introductory trial, we provided feedback
for the participants on the behaviour of their eye movements. The following
nine trials (experimental trials) began with 2 s of consistent motion, followed
by 92 s of inconsistent motion, and ended with 1 s of consistent motion. The
consistent episodes served to reduce eye strain and to test the ocular response
to physical motion reversals. On experimental trials, participants received no
feedback on their behaviour. Across trials, the colour (either red or green) and
direction (either leftward or rightward) shown to each eye was altered. The
experiment consisted of three blocks. After the third and sixth experimental
trials, participants had a 5-minute break.

4.3 Establishing reversal sequences and dominance statis-
tics from OKN

When a rivalrous display induces horizontal OKN, the direction of smooth pur-
suit phases provides a reflex-like indication of perceived direction [45-47]. Dur-
ing the experiment, we recorded horizontal eye position of subjects with a sample
rate of 1000 Hz, and inferred reversals of perceived direction with the cumulative
smooth pursuit (CSP) method, described elsewhere [48]. Briefly, the method
removes off-scale values (blinks and other artefacts), and defines slow pursuit
segments by a compound criterion (slow velocity |v| < 1.5 pix/ms, low accel-
eration |a| < 0.12 pix/ms?, duration > 50 ms), aligns slow pursuit segments,
interpolates gaps, then subsamples and fits the resulting sequence multiple times
(“bagging” [86]). The result of this robust splining procedure is estimated eye
velocity (median and 95% CI) at every time-step. Dominance periods were de-
fined as contiguous intervals in which the entire 95% CI is either above or below
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a gaze velocity threshold of £0.1 pix/ms. All other intervals were designated as
perceptual transition periods.

As the rate of perceptual reversals often accelerates while viewing a binoc-
ular rivalry display [87,88], the initial 30 seconds of each trial were discarded
from analysis. We pooled the remaining reversal sequences obtained for each ob-
server across different trials, and calculated the median (M), interquartile range
(IQR), and medcouple (MC) of dominance durations. These robust statistical
measures were used to reduce the effect of outliers. Median and interquartile
range (IQR) provide robust alternatives for first and second moments (mean
and variance), while medcouple (MC) offers a robust alternative for the third
moment (skewness), which is particularly sensitive to outliers.

4.4 Establishing developmental and maturational trajec-
tories

For each observer i, three distribution parameters were established as described
above: M;, IQR,;, MC;, and age a;. From the individual observer values, average
values were computed separately for female and male observers. As development
slows down with age, sliding averages were computed with log-normal weight-
ing, so that window size increased proportionally with age. For median M;, M;
was computed as follows:

—  >2; M;LN(aj]a;) 1
= , LN (a;la;) = —1In(aj—ao)—aitao/y 2 ,
>, LN (a;[a) (ko) = G el

where ag = 8 and o = 0.35.

IQR;and MC; were obtained analogously. Confidence intervals were com-
puted by repeatedly sampling observers with replacement, and recomputing the
average parameters.

4.5 Computing maturation index

As all parameters tended to change concomitantly, we sought to summarize the
development of all three parameters in terms of a single maturation index. As a
first step, averaged distribution parameters M;, IQR,;, MC; were normalized (z-

scored), to obtain values J\//Z»7 I@?Bi, ]\7[-51' with zero mean and unit variance, over
all typically neurotypical observers. Next, we computed the principal compo-
nent direction over all typical observers (both male and female), which captured
most of the variance (~ 80%). We defined the maturation index (MI) as the

projection of normalized average parameters (]\/4\1, I@]\%i, MEZ) onto this direc-
tion, or equivalently, a linear combination of these parameter triplets:

MI = PC1 = 0.542 M; — 0.567 IQR, — 0.620 MC;  (79% variance)

The maturation index provided a convenient summary of binocular rivalry
statistics over different ages and sexes. The other components were:

PC2 = 0.765 M; + 0.639 IQR, +0.084 MC;  (16% variance)
PC3 =0.349 M; — 0.520 IQR; +0.780 MC; (3% variance)

19


https://doi.org/10.1101/2021.02.11.430816

bioRxiv preprint doi: https://doi.org/10.1101/2021.02.11.430816; this version posted February 12, 2021. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Confidence intervals were computed by repeatedly sampling observers with re-
placement, and recomputing the average parameters.

4.6 Computational model implementation

Bistable perception was modeled in terms of a dynamic system with competition,
adaptation, and noise. The specific formulation we used was introduced by
Laing and Chow [49,89,90] and has been analyzed and extended by several
other groups [23,91-94].
The dynamic response r; o of each neural representations is given by
Tri1 2 = —T1,20+ F (=fra1 — ¢a01,2 + 12 + n1.2)
with sensory input Iy o, intrinsic noise n; 2, adaptive state a1 2 and activation
function
F(z) = [1 +exp (=)
The dynamics of adaptive states a; 2 is given by
Tal12 = —Q12 +T12

and intrinsic noise nq 2 is generated from two independent Ornstein—Uhlenbeck

processes:
2
. ni2 20n
e
Tn Tn

where £ is normally distributed white noise. Different dynamical regimes may be
obtained by varying competition (8), adaptation (¢, 7,), and noise (o), while
keeping time constants 7, and 7,, and activation parameter k fixed. Inputs were
set as equal (I} = I, = 1).

4.7 Fitting computational model parameters

We performed grid simulations for competition strengths g =1, 8 = 2, § =
3, and B = 4, because competition strength is not well constrained by our
observations. Each simulation lasted 104 s and covered 100-by-100-by-100 value
triplets of the other critical model parameters, adaptation strength (¢,), time
constant of adaptation (7,), and noise (¢,). The explored range of parameter
values was ¢, € [0.1,0.5], o, € [0,0.1] for 8 = 1; ¢, € [0.3,1.2], o, € [0,0.4]
for = 2; ¢, € [0.5,2.0], 0, € [0,0.4] for § = 3; and ¢, € [1,4], o, € [0,0.5]
for 8 = 4. For all values of 3, 7, was in a range of [0.1,1.3] s. The remaining,
non-critical parameters were I1» = 1, 7, = 0.1 s, 7. = 0.02 s, k = 0.1, and
dt = 0.002 s in all four cases.

For each of the 3-by-106 value quadruplets of 3, ¢,, 0, and 7,, we parsed the
resulting reversal sequence of 104 s duration into dominance periods by taking
sign(ry — r2), and calculated three summary statistics of dominance duration:
median, interquartile range (IQR), and medcouple (MC).

To compare simulations to the reversal statistics of human observers, we
identified combinations of model parameters that reproduce the observed binoc-
ular rivalry statistics (median, IQR, MC). Specifically, those parameter combi-
nations were selected for which the simulated median, IQR and MC falls within
5% of the respective mean values obtained for any given participant.
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4.8 Simulating experiments with modulated inputs

After fitting model parameter combinations to observers, we performed simula-
tions on these parameter combinations with a time-varying input bias, Al;, gen-
erated as an Ornstein-Uhlenbeck process with standard deviation oy = 0.3 and
autocorrelation time 77 = 0.2 s. To keep total input constant I1(t) + I2(t) = 2,
the bias was applied anti-symmetrically I;(t) = 1 + AI(t), I(t) = 1 — AI(¢).

The simulated dynamics were obtained in time-steps of 1 ms, and included
response Ar = r; — ry, perceptual dominance sign(Ar), differential adaptation
Aa = (a1 — az) sign(r), and differential input AI = (I; — I3) sign(Ar). Note
that positive Aa favours the suppressed percept, whereas positive Al favours
the dominant percept. Intrinsic noise n; o was treated as unobservable, and
was subsumed in the probabilistic analysis described in the next section. In
other words, probabilities and expectation values were obtained by averaging
over intrinsic noise.

4.9 Obtaining perceptual parameters

We calculated perceptual parameters from the simulations described above. In
the simulated time series, reversals were defined as time-points where responses
were equal, 1 = ro. To calculate perceptual parameters, we disregarded tran-
sition periods, defined as 20 ms before and after a reversal. We classified all
other time points as either initiation periods preceding a reversal (40-21 ms be-
fore a reversal), or as periods not closely preceding a reversal. Based on this
classification, we established the following probabilities: the joint probability of
P(AI, Aa), the conditional joint probability given a subsequent reversal (being
in initiation) P(AI, Aa | init), and the conditional joint probability of Aa and
AT given no subsequent reversal P(AI, Aa | no rev). From this, the we cal-
culated conditional probability of a subsequent reversal (i.e., initiation) given
input bias and model response, P(init | AI, Aa), for each time-point.

In the vicinity of the median state (Alys, Aays), the log reversal probability
varies almost linearly with AT and Aa (Fig. 4 b, quality of linear regression 72 >
0.99). The three perceptual parameters - sensitivity, stability, and exploration
- were defined to parametrize this dependence. Stability was defined as the
gradient vector, or, equivalently, as the tangent of the slope, at the median state
tan(B) = \/77 +73. Stability was defined as the difference between the median
and neutral levels of log Pinit, —v1AIy — vaAAy. Exploration was defined

S ; - . 44
as the direction of the gradient vector at the median state sin(a) = o
These definitions are presented alongside visualizations in Supplementary figure
2.

5 Data availability

The eye tracking datasets are available from the authors on request.

6 Computer code

The code used to extract reversal sequences is available via https://github.
com/cognitive-biology/Cumulative-smooth-pursuit-analysis-of-BR-0KN.
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The code used for computational modeling and simulated experiments is avail-
able from the authors on request.
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