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Numerical cognition has many facets

Fractions

\ /
O Mental arithmetic “
Integers — Symbolic magnitude representation O

- /
. . : O Counting
Non-symbolic magnitude representation

Negatives

No theoretical consensus for any of these facets

Addition / subtraction

Multiplication / division
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Numerosity

Sequential

No number tuning observed

For simultaneous numerosities, parietal cortex shows number selectivity
that is absent for sequential numerosities

Cavdaroglu et al., Cereb Cortex 2019
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* Numerical magnitude is specific to
* Mode (simulatenous / sequential)

* Modality (visual / tactile)

Nieder & Dehaene Annu Rev Neurosci 2009



Methods

Maria Czarnecka Kasia Raczy

25 healthy adults were trained in reading Braille numbers before scanning

A)
Fix 8s Fix 4s Fix S5s Fix 6s Fix 4s Fix 5s Fix 8s
Os 400s
B)
™ ) © v
A A & oV A W A & NA o oo
& o & & & X & & & & & o
Q Q Q Q Q Q Q Q Q Q Q Q
| 6s ”43”58” 6s ”48” Ss||4s|| 6s ||Ss||4s” 6s ” Ssl

C) D)
@ g
300ms 700ms 300ms 700ms 300ms700ms 300ms700ms 300ms 700ms 300ms 700ms 300ms700ms 300ms700ms
:o. °.. . '... 0..
A dh dh b AN A AN 4,

Czarnecka et’al., 2023



Average Speed of Tactile Braille

Z

reading [Signs per Minute]

301
25+
20+
15+
10+
| |
Before the After the
course course

— by digits {53285

&) letters E]

B)

Average Response Accuracy [%]

100%—

95% |-

—O-HBH

90% |—

85% [ E
l
|

80% — I

O

Average Response Time [s]

[ Braille ® Arabic @ Sets of dots

@® tactile Braille numbers Iii 8 I

o visual sets of dots

o visual Arabic numbers 8 '4

» Training improved Braille reading
» Braille reading speed slower than blind Braille readers & slower than visual reading
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larger numerical
distance (2 and 8
vs 5)

smaller numerical
distance (4 and 6
vs 5)

Czarnecka etfal., 2023



Activation Distance effect
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» GLM revealed overlap in IPS
Czarnecka etal., 2023



MVPA in parietal cortex ROI

A) Classification accuracy B) Confusion Matrix \
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» MVPA allowed successful decoding of number information in Braille notation & with sets of dots
» No above-chance classification for Arabic digits
» No generalization



Searchlight MVPA

anjen - |

» Searchlight MVPA revealed clusters in bilateral IPS that allowed for above-chance classification of number in
Braille & sets of dots



Summary

» Overlapping activations in IPS for all three notations.

» Above-chance accuracy classification for Braille & sets of dots but not for Arabic digits.
» Above-chance classification despite symbolic nature of Braille numbers

» Searchlight MVPA converges on IPS for Braille & sets of dots

» No generalization between notations

Czarnecka et?al., 2023



Discussion

» |IPS key region for processing numerical information

» Overlapping activity & MVPA within-notation classification WITHOUT generalization are at odds with the
assumption of a common coding of number information irrespective of notation/modality

» Results support idea of overlapping but distinct neural circuits in IPS for different notations

Czarnecka etfal., 2023



Numerical Cognition

Neurocognitive Architecture
of Numerical Information

* Numerical magnitude is specific to
* Mode (simulatenous / sequential)
* Modality (visual / tactile)

* Numerical Magnitude is coded
* Absolute

* Logarithmically compressed
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Is numerical magnitde coded in absolute or relative terms?
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How is number coded in the context of a comparison task?

Alexis Garsmeur

Stimulus Space Response Space
Logarithmic Linear Logarithmic Linear
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Garsmeur & Knops, in prep%?ation



Predicted reaction time profiles Hypotheses

Absolute or relative?
Reaction time and slopes of a regression of absolute

Logarithmic Linear magnitude on reaction times should not differ
between the and the item
set (when only common numbers are included: 1,3,7,
and 9).

Absolute

Log or linear?
Due to the logarithmic compression, we expect that
reaction time and slopes of a regression of absolute
magnitude against reaction time should differ for the
_ number ranges before and after the reference in each
Relative set. More specifically, reaction time should be higher
! for numbers after the reference and the slopes should
be shallower.

Reaction times for the small end set are longer than for
the set.

Garsmeur & Knops, in prep%?ation



Predicted reaction time profiles

Logarithmic Linear

Absolute

Relative

Hypotheses

Absolute or relative

Reaction time and slopes of a regression of absolute
magnitude on reaction times should not differ
between the and the item
set (when only common numbers are included: 1,3,7,

and 9).

Linear or log?

The slopes and reaction time of a regression of
absolute magnitude against reaction time should not
differ for the number ranges before and after the
reference in all sets. (RT patterns should be symmetric

with respect to the reference number.)
RTs for the small end set do not differ from the

set.

Garsmeur & Knops, in prep%?ation



Predicted reaction time profiles

Logarithmic Linear

Absolute

Relative

Hypotheses

Absolute or relative

slopes and reaction time of a regression of the
numbers’ positions against reaction times should be
identical for the , small end and

sets.

Linear or log?

Slopes and reaction time of a regression of absolute
magnitude against reaction time should differ for the
number ranges before and after the reference in each
set. More specifically, reaction time should be higher
for numbers after the reference and the slopes should
be shallower.

RTs for the small end set are larger than for the
set.

Garsmeur & Knops, in prep%cr)ation



Predicted reaction time profiles

Logarithmic Linear

Absolute

Relative

Hypotheses

Absolute or relative

slopes and reaction time of a regression of the
numbers’ positions against reaction times should be
identical for the , small end and

sets.

Linear or log?

Slopes and reaction time of a regression of absolute
magnitude against reaction time should not differ for
the number ranges before and after the reference in
each set. More specifically, reaction time should be
higher for numbers after the reference and the slopes
should be shallower.

RTs for the small end set do not differ from the
set.

Garsmeur & Knops, in prep%%ation



Predicted reaction time profiles
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None of the predicted profiles totally matches the results.

We find some evidence for against absolute coding:
Large partial # large complete

We find evidence against relative coding:
Small begin # small end # large partial

We find evidence against linear but supporting logarithmic coding:
Slopes before reference # slopes after reference
RTs small end > small begin

Behavioral results show that the coding scheme that underlies symbolic numerical magnitude in a comparison task carries
signatures of both relative and absolute magnitude coding. While we still need to find a model that captures this
behavior, it shows that the MNL is not sufficient as a model.



Divisive normalization

To accomodate limited neural computational power and space for specialized neurons, different physical input
dimensions are subject to divisive normalization mechanisms in the cortex. It adapts a given neuron’s activity to
the range (mean absolute magnitude) and spread (the contrast max to min) of the input from a given group of
neurons.
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Divisive normalization provides the best model (smallest AIC).
Neural mechanisms that are applied to sensory input (and non-symbolic numerosity) may also be used to
code for symbolic numbers.
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Shivarova & Knops, in preparation



Number 1

Number 1

We created 9 symbols, 1 per digit that 25 participants were trained with.
In the comparison task, however, only digits 1,2,3, ..., 7,8,9 appeared in a magnitude comparison task.
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Numerical Cognition

Neurocognitive Architecture
of Numerical Information

* Numerical magnitude is specific to
* Mode (simulatenous / sequential)
* Modality (visual / tactile)
* Numerical Magnitude is coded
* In a standardized manner
(divisive normalization)

* In task-specific sets



Numerical cognition has many facets
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Paradigm

A

instructional

'‘Choose closest
outcome.'

Knops et al. (Attention Perception & Psychophysics 2009 )
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Behavioral results

Operational Momentum Effect

Response Bias

Non-symbolic Subtraction

—E— Non-symbolic Addition

I Symbolic Subtraction

} Symbolic Addition
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GLM results

Decoding results Control analyses

Subtraction o Training
p=0.015 Calculation
N ._ Add-Sub (55%)
Addition
Saccades NSY Calculation
Left L-R Add-Sub (56%)
saccades
left hemisphere right hemisphere p<0.001 SY Calculation
i 0,
saccades > rest Right Add-Sub (54%)
saccades
symbolic calculation > color ‘ non-symbolic calculation > color ) S5 —ehance Teval 75 160 SY Calculation NSY Calculation
% trials classified as right saccades Add-Sub Add-Sub (62%)
Knops et al. (Science 2009)
NSY Calculation SY Calculation
Add-Sub Add-Sub (61%)

Approximate calculation recruits spatial attention, supposedly because it operates on a spatial representation of
numerical magnitude. 30



Paradigm Behavioral results

B
® o5 multiplication
s division OM effect only present in approximate
® 034 | ] q 2
[« G 5 ( _ | arithmetic (vs. rote fact knowledge).
»n . - — S
o
Qee Q®® S _o3- T Katz & Knops (PLoS One 2014)

e
c -.05
(] I

00 e 2

. ~08 1 error bars: 95% C..
non-symbolic symbolic

Response Bias

= — OM effect emerges after ~9 years of age.
E 010l Bl Subtraction
g Pinheiro-Chagas et al. (Frontiers 2018)
E o.ost
g T I
3 P L ‘
e
FEE N R
g-o.w»
015 8 9 1‘0 11 12
max 100’%‘%5 ; Age

31



Accuracy per cohort, operation, ratio

C addition
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A

instructional

Addition

Numerical
Pointing

Cueing

Prado & Knops (Psych Bull Rev, 2024)

'Choose closest
outcome.'

Subtraction

v

Addition -
Subtraction

v

Addition

Subtraction

Addition —
Subtraction

McCrink et al 2007 N-Sym e 1.14[0.11, 2.17]
Knops et al 2009 (Exp 1) Sym .l 0.40 [-0.11, 0.91]
Knops et al 2009 (Exp 2) Sym —— 0.00 [-0.46, 0.46]
Knops et al 2009 (Exp 1) N-Sym Coom -0.11[-0.60, 0.38]
Knops et al 2009 (Exp 2) N-Sym —— -0.43 [-0.91, 0.06]
Knops et al 2014 Sym 2 N-Sym R 1.29[0.58, 2.00]
Knops et al 2014 N-Sym 2 Sym ——. -0.91 [-1.53, -0.28]
Knops et al 2014 N-Sym 2 N-Sym — -0.08 [-0.60, 0.45]
Blini et al 2019 (Exp 1) auditory — -0.70 [-1.15, -0.25]
Blini et al 2019 (Exp 2) auditory . -0.79 [-1.25, -0.33]
Hartmann et al 2020 N-Sym —— -0.57 [-1.07, -0.07]
Glaser & Knops 2023 (Exp 1) N-Sym —— 0.05[-0.41, 0.51]
Glaser & Knops 2023 (Exp 2) N-Sym om 0.12 [-0.30, 0.55]
RE Model e -0.09 [-0.42, 0.24]
I T T T
-2 -1 0 1
McCrink et al 2007 N-Sym o -0.86 [-1.80, 0.07]
Knops et al 2009 (Exp 1) Sym - -0.45 [-0.97, 0.06]
Knops et al 2009 (Exp 2) Sym i -0.62 [-1.12,-0.11]
Knops et al 2009 (Exp 1) N-Sym e -2.67 [-3.72, -1.62]
Knops et al 2009 (Exp 2) N-Sym  +——— -3.95[-5.32, -2.58]
Knops et al 2014 Sym 2 N-Sym 1.52[0.75, 2.28]
Knops et al 2014 N-Sym 2 Sym —— -1.51[-2.28, -0.74]
Knops et al 2014 N-Sym 2 N-Sym rooe -3.01[-4.24, -1.78]
Blini et al 2019 (Exp 1) auditory 0.46 [ 0.04, 0.88]
Blini et al 2019 (Exp 2) auditory HiH 0.19[-0.21, 0.59]
Hartmann et al 2020 N-Sym B ] -3.39 [-4.58, -2.19]
Glaser & Knops 2023 (Exp 1) N-Sym [ -2.72[-3.73,-1.72]
Glaser & Knops 2023 (Exp 2) N-Sym — -1.83 [-2.53, -1.13]
RE Model —— -1.38 [-2.27, -0.50]
| T T
-6 -4 -2 0
McCrink et al 2007 N-Sym Po———— 1.70 [ 0.45, 2.96]
Knops et al 2009 (Exp 1) Sym § 0.82[0.25, 1.38]
Knops et al 2009 (Exp 2) Sym —— 0.46 [-0.03, 0.94]
Knops et al 2009 (Exp 1) N-Sym ] ——— 2.08[1.21, 2.95]
Knops et al 2009 (Exp 2) N-Sym i o 2.15[1.31, 2.99]
Lindemann & Tira, 2011 Carry i -0.25 [-0.64, 0.14]
Lindemann & Tira, 2011 No-Carry i 0.46 [ 0.05, 0.86]
Knops et al 2014 Sym 2 N-Sym o 0.43[-0.12, 0.98]
Knops et al 2014 N-Sym 2 Sym P —— 0.82[0.22, 1.43]
Knops et al 2014 N-Sym 2 N-Sym ' [ —— 2.58[1.49, 3.67]
Blini et al 2019 (Exp 1) auditory —— -1.15[-1.67, -0.63]
Blini et al 2019 (Exp 2) auditory —— -0.97 [-1.46, -0.49]
Hartmann et al 2020 N-Sym . 2.02[1.21, 2.83]
Glaser & Knops 2023 (Exp 1) N-Sym poom 2.28[1.40, 3.16)
Glaser & Knops 2023 (Exp 2) N-Sym —— 1.84[1.14, 2.54]
RE Model | —— 0.96 [0.36, 1.57]
T T T T T
2 1 0 1 2
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Addition Subtraction

Addition -
Subtraction

Numerical \/
Pointing \/

Cueing

v

Prado & Knops (Psych Bull Rev, 2024)

Addition

Subtraction

Addition —
Subtraction

Pinhas & Fischer 2008
Klein et al., 2014 operand match
Klein et al., 2014 result match

Fischer & Shaki 2018 (Exp 1) rep N ——a—

Fischer & Shaki 2018 (Exp 1) diff N
Fischer & Shaki 2018 (Exp 2) rep N
Fischer & Shaki 2018 (Exp 2) diff N
Shaki, Pinhas, Fischer 2018 (Exp 1)
Shaki, Pinhas, Fischer 2018 (Exp 2)
Mioni, Shaki, Fischer 2018 (Exp 1)

fmnfeeat=]

—_—

——

0.32[-0.22, 0.86]
-0.34 [-0.80, 0.11]
-1.13 [-1.69, -0.57]
-1.35[-1.86, -0.85]
-0.53 [-0.92, -0.14]
-0.19 [-0.66, 0.27]
0.08 [-0.38, 0.54]
-0.12[-0.48, 0.23]
-0.58 [-1.03, -0.12]
-0.10 [-0.54, 0.34]

RE Model

-0.39 [-0.70, -0.08]

Pinhas & Fischer 2008

Klein et al., 2014 operand match ~+——e—+——

Klein et al., 2014 result match
Shaki, Pinhas, Fischer 2018 (Exp 1)
Shaki, Pinhas, Fischer 2018 (Exp 2)

Mioni, Shaki, Fischer 2018 (Exp1)

-0.52[-1.57, 0.52]
-1.45 [-2.55, -0.34]
-0.80 [-1.79, 0.19]
0.74 [-0.14, 1.62]
0.45[-0.47, 1.38]

0.04 [-0.89, 0.96]

RE Model

-3

-0.21[-0.86, 0.43]

Pinhas & Fischer 2008

Klein et al., 2014 operand match
Klein et al., 2014 result match
Pinhas, Shaki, Fischer 2014 (Exp 1)

Shaki, Pinhas, Fischer 2018 (Exp 1)—a——
Shaki, Pinhas, Fischer 2018 (Exp 2) ——a——

Shaki, Pinhas, Fischer 2018 (Exp 3)
Mioni, Shaki, Fischer 2018 (Exp 1)
Mioni, Shaki, Fischer 2018 (Exp 2)

—_——

0.71[0.12, 1.29]
0.82[0.32, 1.33]
-0.71[1.20, -0.22)
1.16 [0.81, 1.50]
-0.93 [-1.35, -0.51]
-0.80 [-1.28, -0.32)
-0.58 [-1.06, -0.11]
-0.14 [-0.58, 0.30]
-0.06 [-0.48, 0.36]

RE Model

bt
o
.
—.:—
| '
-1 0

-0.06 [-0.57, 0.45]



Numerical
Pointing

Cueing

Meta-analytical results demonstrate that mental arithmetic reliably induces attentional shifts,
except for paradigms that use very small problems (<10) and require a conversion to spatial pointing.

Addition

v
v

|41

I+1

Prado & Knops (Psych Bull Rev, 2024)

2|

Subtraction

v

Addition -
Subtraction

v
v

Addition

Addition —
Subtraction

Masson & Pesenti 2014 (Exp. 1) 0.23 [-0.17, 0.64]
Masson & Pesenti 2014 (Exp. 2) —— 0.38 [-0.01, 0.76]
Mathieu et al. 2016 (Exp. 1) P S— 0.23 [-0.11, 0.58]
Mathieu et al. 2016 (Exp. 2) P ——y 0.64[0.18, 1.10]
Liu et al. 2017 (Exp. 1) S — 0.69[0.17, 1.20]
Liu etal. 2017 (Exp. 2) —_—— 0.32[-0.12, 0.75]
Liu etal. 2017 (Exp. 3) —_— 0.61[0.12, 1.09]
Liu etal. 2017 (Exp. 4) P ———— 0.64[0.18,1.11]
Liu et al. 2017 (Exp. 5) _— 0.41[-0.07, 0.88]
Liu etal. 2017 — 0.38 [-0.01, 0.77]
Masson et al. 2018 —_— 0.48[0.00, 0.95]
Zhu et al. 2018 (Exp. 1a) —_—— 0.20 [-0.19, 0.58]
Zhu et al. 2018 (Exp. 1b) —— 0.23 [-0.16, 0.62]
Campbell et al. 2021 (Exp. 1) 0.15[-0.10, 0.39]
Campbell et al. 2021 (Exp. 2) 0.18 [-0.05, 0.42]
RE Model 0.31[0.22, 0.41]
I T 1
05 0.5 15

Masson & Pesenti 2014 (Exp. 1) [ —] -0.38 [-0.80, 0.03]
Masson & Pesenti 2014 (Exp. 2) e 0.06 [-0.31, 0.43]
Mathieu et al. 2016 (Exp. 1) - -0.08 [-0.42, 0.26)
Liu etal. 2017 (Exp. 1) e -0.33[-0.77, 0.12]
Liu etal. 2017 (Exp. 2) — -0.38 [-0.86, 0.09]
Liu etal. 2017 (Exp. 3) -0.21 [-0.64, 0.22]
T .40 [-0.16, 0.96]
1.53[0.01, 1.05]

17 [-0.55, 0.21]

1.11 [-0.34, 0.56]

20[-0.58, 0.19]

14[-0.53, 0.25]

Canipen S an eve t \LAp. 1) o .06 [-0.17, 0.29]
Campbell et al. 2021 (Exp. 2) — 0.22 [-0.02, 0.47]
RE Model - -0.03 [-0.16, 0.09]

T 1
0 1.5
Masson & Pesenti 2014 (Exp. 1) [ ——— 0.62[0.18, 1.05]
Masson & Pesenti 2014 (Exp. 2) ———y 0.32[-0.06, 0.70]
Mathieu et al. 2016 (Exp. 1) (L 0.31[-0.03, 0.66)
Liu etal. 2017 (Exp. 1) —_— 1.01[0.54, 1.49]
Liu etal. 2017 (Exp. 2) —_— 0.70[0.27, 1.13]
Liu etal. 2017 (Exp. 3) ——i 0.82[0.37, 1.26)
Liu etal. 2017 (Exp. 4) ——— 0.24 [-0.17, 0.65]
Liu et al. 2017 (Exp. 5) -0.12[-0.53, 0.28]
Liu etal. 2017 e 0.55[0.14, 0.95]
Masson et al. 2018 —_— 0.37 [-0.09, 0.84]
Zhu et al. 2018 (Exp. 1a) e 0.39 [-0.01, 0.79]
Zhu et al. 2018 (Exp. 1b) —— 0.37 [-0.03, 0.77]
Campbell et al. 2021 (Exp. 1) 0.08 [-0.14, 0.31]
Campbell et al. 2021 (Exp. 2) -0.04 [-0.27, 0.19]
RE Model ——— 0.37[0.20, 0.54]
r T
-1 0.5
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Bonato et al., 2021
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Jacquel, Viarouge & Knops, 2026 Cognition
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(a) (b) Prior probability distribution 4
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IIIIIIIIIII Intermediate 1 ,200

{11111 1] I
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&

Time (ms)
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£
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g (©)
g 67t i
e 671 - Prior condition
671 1,023
Sample interval (ms) O Long
@ Intermediate
494 - @® Short

Regression to the mean effect increases | T T | T
- As a function of the mean overall range 494 671 847 1,023 1,200

- The larger the distance between range,,, and range,x Sample interval (ms)

Jazayeri & Shadlen, Nat Neurosci 2010



Applying the regression to the mean to stimulus ranges in addition and subtraction, we
would predict a TME that would increase with mean range

Marie Jacquel

duration,s; = a + b*duration,,
Range effect Simulated effect of central tendency and

4 range effects on TME

) /
| I % Table Al

The intercept a was computed according to Eq. (A2).

b = mean(operands range) — b*mean(operands range)

0} _
© e . . . .
= o . / Parameters for Eq. (A1) that were applied for simulating the TME as shown in
S \ / Fig. 1.
7 ‘ (
w
l Low range High range
i | —e— Small range addition Addition
7 - : Mean(operand range) 362.5 ms 487.5 ms
A T —A— Small range baseline a 145 ms 231.3 ms
—@— Large range addition b 0.6 0.5
‘ e Subtraction
—4— Large range baseline N Mean(operand range) 737.5 ms 854.2 ms
. a 295 ms 427.1 ms
Test duration Outcome b 0.6 05
Table A2
Estimated target durations when applying the above equations to four problems from Experiment 2.
Duration,et 1 Durationge; 2 Durationes; 1 Durationes; 2 Target Durationegt
Addition
Low range 600 125 505 220 725
High range 825 150 656 319 975
Subtraction
Low range 1025 300 910 475 435
High range 1275 300 1065 577 488

Jacquel, Viarouge & Knops, 2026 Cognition Jacquel et al., Cognition 2026



We observe a TME but the results do not follow the predicted pattern.
Regression to the mean not the only source of the TME.

Range effect Simulated effect of central tendency and Exp 2
range effects on TME Produced Duration by Task and Range

f =

1100 1

—e— Small range addition

: L |
E P C
B I | , = - |
M ‘ 5 N
S £ Baseline
i Y O 8001 B Subtraction
o
o
o

£ T £ —A— Small range baseline 7001
A e
—&— Large range addition

—i— Large range baseline 600 1

A
v

Test duration Outcome 600 25 850 75 1100
Target Duration (ms)

Jacquel, Viarouge & Knops, 2026 Cognition Jacquel et al., Cognition 2026



Numerical Cognition

.........
R .

Processes Underlying

Mental Arithmetic Input Calculation Output

4 N

* Mental arithmetic invokes visuo-spatial Algorithmic solution

mechanisms. 4| + 14 =
56

* Left saccade associated to subtraction 71 — |5 =2
* Right saccade associated to addition 7x8 =1

* Temporal arithmetic subject to |"

comparable biases \ / K




Numerical cognition has many facets
N
23 +18

Concepts
Space
1 23 45678910..15.20....30...40...50..60..70.8090 O Mental arithmetic

Symbolic magnitude representation /

Countin
Non-symbolic magnitude representation O O g




N Numerical cognition has many facets

A Social Hierarchy

e NTTT (Hl>

F 3
c
: . ‘aEEA
[§] 9 'l
i -Asew Concents ;

#* S |
. ‘I..‘.* Space 23 +18

Leg length Competence |l arith .

Constantinescu et al., 2016 Park et al., 2021 Mental arithmetic
Symbolic magnitude representation /

: : : Countin
Non-symbolic magnitude representatlonO O unting



Numerical cognition has many facets

Concepts

Space

y=-4 ERH

Constantinescu et al., 2016 Park et al., 2021 O Mental arithmetic

Symbolic magnitude representation /

Countin
Non-symbolic magnitude representation O O g



School A

School B

School A A School B
-~
A5 A6 B5 B6
" 4 B4
% A4 o
E —
) A3 o B3
Al A2 B1 B2
Swimming Swimming
- = n
r - | |
12 blocks (training + test) School 2 School 1

School 1 (A or B)

Vatansever, Fischer & Knops , in preparation

Gozde Vatansever



Mean RT vs Mean Euclidean Distance by Pair

Points show pair averages

Swimming

N
[N}

4 AS School A A6
A4
2.0
*
A3 B2B4
Al A2 e
@
wv c -
3 B5 B6 g
E ©
[ 4
B4 g
@
= 16
B3 N
Bl B2
Swimming 14
9 P
Group A:

- intercalation (swimming) lead to an increased distance effect
- Chaining (grades) lead to loss of spatial coding (distance effect)

Group B:
- Loss of spatial coding after merging (distance effect)

Vatansever, Fischer & Knops , in preparation
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* Integration reduced the discriminability of distances
* Spatial coding depends on the geometry of reorganisation rather than the domain or individual capacity.

* Cognitive maps as adaptive representational structures shaped by current task demands and structural context
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Code

Dehaene & Cohen, 1995
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Phonological ‘ Visual Code
Code

26
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Dehaene & Cohen, 1995

| 50



Interrelation of numerical cognition and language

v' Magnitude comparison = no verbal processing required
v Unit-decade compatibility effect (UDCE) = interference from irrelevant unit digit
v" Modulation of the UDCE by language
— Arabic digits transparent, universal (value determined by place of digit), verbal number word systems vary with language

Compatibility
z-transformed RT

76 81 0.35 B %k %k %k

0.3 =
0.25

21 26 _ l !

0.2
0.15 T
- |
0.05 A ‘lr
g
-0.05 A l

-0.1 Pixner et al. (2011)

Austrian Czech Italian
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Interrelation of numerical cognition and language

“4 & 90”
O |
12 ® _° () O
» ] =
== —= .

E - _
~Ae A - ey

3 o e g B x U
- 3

— Utilization of the discrepancy between Arabic numeral notation (95 =90 5) and French number-word syntax (85 =4 20 15)

— Linguistic effects that can clearly be attributed to vigesimal number words?
| 52



Interrelation of numerical cognition and language

Elise Klein ~ Roman Janssen

Base-20 compatibility effect Within vigintade effect
decade distance
S
o @ | | |
+ 87 - base—1.0 0 1 1
incompatible §_ 52 vs. 63
S00ms E‘ 3 base-10
‘g N~ compatible §_ 62 vs. 63 62 vs. 73
58 172 2 . i ‘|‘
o M~ Q] J_
max. 3000ms o ~
2 T
et 5 J_
2 2
560ns o 8
3 , , ~ within within not within
comp. Incomp. comp. Incomp. decade vigintade vigintade
base-20 compatiblity Condition

v' Magnitude comparison > 60 in French speakers: Base-10 and base-20 effect in parallel

v' Additional within-vigintade effect not affected by confound between base-20 compatibility and decade distance

... verbal representations can shape basic numerical judgments and that number processing may be

more closely tied to language than previously assumed.”

Janssen et al., Open Mind (2026) | s3



Concepts

Space

O Mental arithmetic

Symbolic magnitude representation

. C t-
Non-symbolic magnitude representation O O ounting
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