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Abstract

Analyzing and understanding cognitive load is an important skill for improving HCI (Human-Computer Interaction)
skills and preventing accidents. Recently, heart rate variability analysis has been widely used for cognitive load analysis,
and as the use of wearable devices becomes more common, the pulse rate variability of photoplethysmogram has been
used as a substitute for heart rate variability. However, pulse rate variability and heart rate variability are not compatible
in all cases, and analyzing them with the same algorithm increases the accuracy error. Therefore, the goal of this study
1s to reduce the error between the two waveforms and increase the overall accuracy by deriving the important
parameters of each waveform. A total of 37 features were extracted from three domains, frequency domain, time domain,
and nonlinear domain, and XAI (explainable artificial interllingence) was used. As a result, an accuracy of up to 73.8%
was obtained, and the error was reduced to less than 1% at maximum. In addition, as a result of analyzing important
features for each waveform by conducting a t-test, it was found that SD1/SD2 are important parameters for heart rate
variability analysis, and NN20, pNN20 are important parameters for pulse rate variability analysis.
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Table 1. Previous literature on cognitive load analysis.

. ‘Window
Reference Dataset Signals(Hz) —— Model Accuracy
2 _ ST(1), GSR(1), . Ensemble
Borisov Cog-Load HR(D), HRV(D) 30(s) model 0.66
| | ST, GSRQD, I ) .
Tervonen Cog-Load HR(D), HRV(D) 25(s) XGBoost 0.676
Wang! Mot BCG(400) - S\SVTL }E;H\ 0.946
published PPG(400) XGhoos:
. Not EOG(1000) ) SVM, RF, "
Pettersson™| - plished |  ECG(1000) 156) | XBoost | 94
Beh!® MAUS ECG(256) 120(s) SVM 0.716
Beh'®! MAUS PPG(256) 120(s) SVM 0.667
Radhika™' | MAUS ECG(256) - CRNN-SE | 0.7089
o 4 ¥
. . °
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Cognitive Load

MAUS Dataset Detection

Features Extraction

HRV. PRV features (37)

PPG, ECG data
for 21 participants

Features Selection | i---.
using XAI

Data length : 300(s)
Data window :120(s)

ear features |

Validation : LOSO

I3 1. oIX] 25t E4 flowchart
Fig. 1. Cognitive load analysis flowchart.
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Time Features ngg;llir;y nonlinear Features Zk ok A9 15709 g E AdEste] Aees
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1) NNLmin 18) VLF_peak p-value #< FRlstal, ol& EdlZ A%} datadl
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3) HR_mean 20) HF_peak mtests = 2ol WIS wmeloy ALEHE =
4) HR_min 21) VLF_abs o1l ) i
5) HR_max 22) LE_abs A H2ESRZ 2719 949 Jo zpold] tigh el
6; HR_std 23; HF_abs qe Az BA dolt) t-test® £ =&d
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32 2. RR interval poincaré plot
Fig. 2. RR interval poincaré plot.
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= 0.86 °]t}.

= binary:logistic,
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36 74 43
FEA /e S8 219 oRHEH FE 294709

AA data = 189 1470 data (B4 770, ARF3F 7
NZE test data® Adlar, o] 2 WHE WAt Z 21H
o] RdyS W#sh= LOSO(Leave one Subject out
cross validation) #2& A s3ih.

IV.

2 7

32 t-test& 7|to2 FEF p-value 7S HEF
Wl Aol ¥ 4= XGBoost 78k SHAPC. 2 FZ3} v}
g gl 2Aste] st & &9l 15719 et
nEl S Al Zlolth p-value gholl 278t e 0
Bl S 7|02 Boks W HRVSF PRVOIA fro]n|

3 zfolES Mol e 8, 15, 16, 23, 26, 30,

E 3. Zelo|EY p-value

Table 3. p—value for each parameter.

i}ii?;;i HRV_p | PRV_p ;if;iz HRV_p | PRV_ p

0 **0.005|  °0.006] 19 ***0.000| " *0.000
1 0.816 0.454| 20 ***0.000 *0.015
2 ©10.000| . B *0.000| “**0.000
3 **0.006|  70.007| 22 ***0.000| “**0.000
4 ©7*0.000/  *"0.000| 23 0.092| ***0.001
5 0.818 0.505| 24 0.272 0.493
6 *0.000] “*70.000| 25 0.516 0.930
7 *0.009| “*70.000| 26 *0.048 0.349
8 0.458| °’0.006| 27 *0.000| “**0.000
9 **0.007| *'70.000[ 28 *£70.000[  “**0.000
10 *0.000] “*70.000| 29 *0.005] “*"0.000
11 *0.017| “*'0.000[ 30 *0.012 0.331
12 0.026| ***0.000] 31 *0.012 0.331
13 **0.000] *'70.000[ 32 *0.012 0.286
14 "*0.000] "*70.000| 33 **0.000] “*"0.000
15 0.682 0.035| 34 *0.017| “**0.000
16 0.170| °*0.002| 35 *0.000| “**0.000
17 **0.000] **70.000[ 36 **0.009 0.835
18 0.415 0.160

“/pl <0.05, "7Ipl <0.01, " |pl <0.001

¥ 4. SHAP 7|8t 52 mzfolef A 157] MY

Table 4. SHAP-based selection of the top 15 important

parameters.
Important Feature
11 2| 3] 4| 5| 6| 7| 8| 9| 10| 11| 12| 13| 14| 15
HRV | 20| 22| 9| 19| 33| 1| 24| 23| 36| 0| 2| 28| 10| 5| 16
PRV | 1| 33| 17| 35| 10| 16| 36| 20| 6| 22| 5| 15/ 19] 9| O

31, 32, 36°|th. 1 ZF, HRVelA 369 dehvE=
p-value = 0.000 & =g EA EA EAAME
PRV} f-oJw] gk 2ol 7} EA)atm, A A4 A(XAD ot
nE] B M gHA Fo mlebu]E o] EAg) o]
36> HRV 4l ol =& gepn|getar & 4 ot
2o W o g PRVOIA 15, 169 st ElE p-value
0.035, 0.002 & &A1 54 44 HRVS} F-2]v]
3t Apo] 7k EAEH, AAH 54 BAAE 12, 69

A 58Skl &8s ol L5, 168 PRV 4
o glo] 2 AehiERa @ 5 9
A ‘/}0}7} 5% p-value #& H}E‘foi et =

& A9 15719 FeEE eAdE e ﬁolv}
22, 33, 10¢] #ehiE= HRVS} PRV SHAP F&
sebu|glo] FEA o R E3Eo] 9lom p-value #tY
91 157K gheprlE & E3hEo] si7lel o
ol gt Wolwe] A &3 sepn|E et &
)\}\E]’.

Aol B

E 5 p-vaule Al 1574 mi2fole] MY

Table 5. Selection of the top 15 p—value parameters.

Important Feature
6| 7 9| 10

11| 12| 13

17 33| 27 21 20| 6

28 34

-3

11

B AfolE 2% o=

waloA 73.81%9 7V

E 6 2% £3

Table 6. Accuracy of cognitive load analysis.

b eA 2 gats

Evaluation
strategy

LOSO
LOSO

Reference Feature Model Accuracy

SVM
SVM
CRNN-SE
SVM
RF
XGBoost
SVM
RF
XGBoost

0.7160
0.6670
0.7089
0.6973
0.7381
0.7177
0.6871
0.7177
0.6905

Beh[ﬁ]
Beh'®
Radhika'™®!

HRV
PRV
HRV

HRV

LOSO

Ours

PRV

(547)
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