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Emotion prediction neural network to understand how emotion is predicted

by using heart rate variability measurements

Sung Soo Park®, Kun Chang Lee™*

Abstract

Correct prediction of emotion is essential for developing advanced health devices. For this purpose,

neural network has been successfully used. However,

interpretation of how a certain emotion is

predicted through the emotion prediction neural network is very tough. When interpreting mechanism

about how emotion is predicted by using the emotion prediction neural network can be developed,

such mechanism can be effectively embedded into highly advanced health-care devices. In this sense,

this study proposes a novel approach to interpreting how the emotion prediction neural network

yields emotion. Our proposed mechanism is based on HRV (heart rate variability) measurements,

which is based on calculating physiological data out of ECG (electrocardiogram) measurements.

Experiment dataset with 23 qualified participants were used to obtain the seven HRV measurement
such as Mean RR, SDNN, RMSSD, VLF, LF, HF, LF/HF. Then emotion prediction neural network was

modelled by using the HRV dataset.

By applying the proposed mechanism, a set of explicit

mathematical functions could be derived, which are clearly and explicitly interpretable. The proposed

mechanism was compared with conventional neural network to show validity.
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Table 1. Previous studies of artificial neural networks for emotion prediction
Author Year Signals Elicitation Emotion Class Mol
Performance*
EMG, SC, ST, BVP, ECG, V 63.8
Haag et al. 2004 RSP IAPS Valence and arousal A 897
) Neutral, smile, anger
. . Extract from facial ! ’ ’
Ma et al. 2004 Facial expressions expression database sadngss, and 97
surprise
) . L Moving hands or
Monwar et al. 2006 Eﬁcgal features in pain video pressing something or Painful or Painless 92
P shaking heads
) . Anger, fear, hope,
Seol et al. 2008 Sentence with no emotional Knowledge Information sadness, love, thank, 70
keywords
neutral
. . Multiple choice
Moridis et al. 2009 NLljgwslt)ice)rnSlnformatlon of test questions in Neg, Pos Moods 87
d examination
Nicolaou et al 2011 Audio, Facial, Shoulder Human-computer Valence and arousal v 85
i ’ ’ conversations A 87
ECG, RSP, EDR, eye EMG, Classical music V 89.7
Russo et al. 2013 mouth EMG excerpts Valence and arousal A 889
*A=Arousal, V=Valence
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2. Emotion Prediction Model

2.1 Neural Network-Based Emotion Prediction
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T 23] FAAE e w g fiata AdxE 4
gk Apgolrh 9 PAe BF datela, A 20~290.%

TdAHL 23.6(SD=2.98)°| T},

AL A7) HaL 2 02 SAM(Self-Assessment Manikin)
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Fig. 2. Emotion Prediction Neural Network model
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Table 2. Results of Emotion Prediction Modeling

Measures This study MLPRegressor
Correlation 0.921 0.203
RMSE 0.565 1.609
MAE 0.425 2.016

IV. Result

1. Functions Extracted from Neural Network
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H1 = TanH(

( 5.6757 * Mean RR +

-10.6432 * RMSSD +
1.1987 = LF +

-0.3563 = VLF +
3.6966 * SDNN +
1.8456 * LF/HF +

-3.0287 = HF + -5.6431 ) * 0.5

) <2 6>
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-4.0404 = H1 +
1.4700 = H2 +
-2.5611 * H3 <2 7>
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