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Overview

1. Background
« Chinese character structure
* Inconsistencies across databases
* "Prosody” in Chinese characters and its handwritten correlates

2. Study design
3. Step 1: Confirm final prominence in Chinese characters
4. Step 2: Apply the predictive model to ambiguous cases
5. Implications
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Inconsistencies across databases
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So how do Chinese writers actually decompose characters?
Our approach: Test for handwriting correlates of character decomposition.




“Prosody” in Chinese characters

* Myers (2019)
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Handwriting correlates of character “prosody’

 Inter-stroke interval: time between the end of one
stroke and the start of the next

* Between components > within components (Lau, 2020)

* Speed: length/duration of a stroke
» Final stroke may be slowest or fastest depending on other
factors (Zhang & Feng, 2017)
* Pressure: force against the writing surtace
* Final stroke shows greatest pressure (Kao et. al., 1986)

* This measure is less well studied and requires further
validation



Study design:
Modeling handwriting data in two steps

* Step 1-1
* Validate handwriting correlates » Step 2:

* Step 1-2  Test model on ambiguous
* Build predictive model with characters

unambiguous characters



Step 1: Characters with unambiguous
structure

* Participants: * Stimuli:
38 native traditional Chinese writers 150 unambiguous characters
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Step 2: Characters with ambiguous structure

* Participants: e Stimuli:
33 native traditional Chinese writers 159 ambiguous characters
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Procedure

* Wacom One® Tablet and PsychoPy (Peirce et al., 2022)
recorded coordinate, time and pressure

Fixation Stimulus Write stimulus Hit spacebar
1 sec 1 sec (no time limit) to end trial
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Step 1 - 1 Validate pressure as correlate:
Character-final prominence

Predicted stroke pressure for one-component characters
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Step 1 - 1 Validate pressure as correlate:
Component-final prominence

Predicted stroke pressure for two-component characters ’g‘
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Step 1 - 2 Build predictive model for
unambiguous characters

* Generalized additive mixed modeling (GAMM)
* Predict position: final vs. nonfinal

* Independent fixed variables (with relevant interactions):

o Inter-stroke interval, pressure and speed

o Previous stroke pressure

o Length, width, and stroke type

> Normalized stroke order (0-1) and total stroke count

* The best-performing model:
* /7% sensitivity
* 77% speciticity



Predicted P(component boundary)

Step 1 - 2 Other correlates

Final-Fast: Contrary to “final lengthening” in
speech, writing accelerates at boundaries.
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Non-linear: A pause only needs to be “long enough” to
signal a boundary. The probability curve flattens at longer
intervals.
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Step 2 - Apply model to ambiguous characters

* The results revealed three distinct categories of characters

1. No internal boundary 2. Single internal boundary 3. Variation
2 Predicted Probability by Stroke Order for Each Character
= = A i
o 1.00
0
o 0.75
o 0.50
D 0.25
]
O 0.00 —
8 1st 2nd 3rd 4th 5th 6th 1st 2nd 3rd 4th 1st 2nd 3rd 4th 5th 6th T7th
5 Stroke Order

(black = overall model prediction; coloured = individual participants)
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Category 1: No obvious internal boundary
- one-component character
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Category 2: Single internal boundary

- two-component character
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Category 2: Single internal boundary
- two-component character




Category 3: Variation
- different writers parsed differently
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Category 3: Variation
- different writers parsed differently

20



Recap

* Step 1: unambiguous characters

* Predicting pressure by position

Boundary = Final stroke = Strong Pressure
Non-boundary = Nonfinal stroke - Weak Pressure

* Predicting position by handwriting data

The best-performing model
77% sensitivity and 77% specitficity
Step 2: ambiguous characters

* Three categories: no internal boundary, single internal boundary and
variation

e The third category needs more research:
- Variation may involve factors other than component parsing?
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Implications

« Handwriting reflects character-internal structure
» This is analogous to the prosodic traces left by morphological
structure in spoken words
* Our methods may be extended to other writing systems
+ Roman letters are composed of "bodies” and "“codas”
+ e.g. <b> =1+ 2 (Primus, 2004)
* They may also have implications for spoken words with
ambiguous morphological structure
+ helicopter = helico + pter (historical etymology)
heli + copter (folk etymology)



Thanks

* Taiwan’s National Science and Technology Council (112-2410-
H-194-030-MY3)
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* Code

 Simpson, S., Nottbusch, G., & Torrance, M. (2024). OpenHandWrite
[Computer software]. https://github.com/isolver/OpenHandWrite
(Original work published 2015)

« Myers, J. (2023). Nonstatistical things that linguists can do with R: A
review with a case study on Chinese handwriting. In C.-J. C. Lin, A.
Cherici, & B. Chen (Eds.), Proceedings of the 34th North American
Conference on Chinese Linguistics (NACCL- 34). Department of East
Asian Languages and Cultures, Indiana University Bloomington.
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1. Visually incorrect characters from the target character

L)
=T

2. Wrong stroke counts (adding or missing strokes)

3/ %V@E
4

3. Unusual stroke orders from the majority writing patterns of participants

5. Technical Issues

Some responses were grouped together and some were separated into two.

4. Characters with fewer than three participants agreeing on the same writing order

were also removed due to insufficient generalizability (e.g., ™, &, /).
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Stroke type raw pressure and frequency

Stroke Type Stroke Type Raw Pressure Frequency
5 23385.78 37
V4 23302.93 14
L 22407.64 42
L 21955.19 186
1 21951.26 89
L 21735.34 38
al 21536.93 19
E 21517.12 48
J 21460 111
7 21271:52 19
5 21115:27 36
C 21075.64 28

= 20665.32 22
] 20659.19 196
L 20306.45 93
\ 19866.61 434
1 19321.45 604
< 19214.06 69
7 18954.54 235

I 18787.49 46
I 18691.02 28
- 18632.15 91
I 18550.64 74
L 18486.67 38
) 18197.14 737
| 18094.38 1767
17904.26 3471
/ 17229.66 834
N 16887.31 944
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One-component unambiguous characters in stimuli list for experiment 1

Two-component unambiguous characters in stimuli list for experiment 1

Character Stroke Count Character Stroke Count Character Stroke Count Stroke Stroke Stroke Stroke
Character Count Character Count Character Count Character Count

T 1 = & B S 3 11 s 4 % 6 12 9
& 1 - 3 # 5 # 11 i 5 & 6 wk 9
= 1 n 3 - 5 " 12 % 5 r P S 9
bl 2 x 3 0] 5 E 3 12 & 5 & 7 £ 9
k 2 4 3 , 5 R 12 N 5 Bp 7 " 9
o ’ = 3 p= 5 = 12 A 5 x5 7 #* 9
E 12 sk 5 % 7 2 9

b 2 b4 3 i )
% 12 R 5 4 7 | 9

] ) + 3 7K 6
k3 12 Eid 5 # 7 # 9

71 2 b 3 6
¥ Bk 12 # 6 % 7 &7 9
L 2 A 3 i 6 3% 13 % 6 # 7 1 10
A 2 % 3 H 6 &t 13 £ 6 # 7 = 10
A 2 x 4 B 9 % 14 o 6 % 7 £ 10
2 P 4 + 3 # 14 %o 6 3 7 ¥ 10
= > X 1 F; 3 xE 18 % 6 EiJ 7 E 10
= A 8 ®, 8 K 7 # 10

5 2 e 4 & 3
piA 8 3 8 i 7 BL 10

= 2 =N 4 E:3 4
b2 8 E7 8 i 8 4t 10

B 2 # 4 5 4
& 8 & 8 g 8 * 11
s 2 & = & 2 -3 8 i 8 L 8 & 11
US 3 ;3 4 fr 3 7] 8 HE 8 % 8 F 11
K 3 # 4 E 4 £ 8 % 8 3 11

29



Stroke Count

Character

B &

5L

)

R

3|

)

3

T

jp
=

#1

Stroke Count

Character

Hl

-

o

)

e
"
G

7

Stroke Count

Character

Eo)

iE
A1

Stroke
Count

Character

it

Stroke
Count

Character

]

el

N

Stroke
Count

Character

Stroke
Count

Character

k

s

30



