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10 Abstract:

11 Background: The human mind is multimodal. Yet most behavioral studies rely on century-old
12 measures such as task accuracy and latency. To create a better understanding of human behavior
13 and brain functionality, we should introduce other measures and analyze behavior from various
14 aspects. However, it is technically complex and costly to design and implement the experiments
15 that record multiple measures. To address this issue, a platform that allows synchronizing multiple
16 measures from human behavior is needed.

17 Method: This paper introduces an opensource platform named OpenSync, which can be used to
18 synchronize multiple measures in neuroscience experiments. This platform helps to automatically
19 integrate, synchronize and record physiological measures (e.g., electroencephalogram (EEG),
20 galvanic skin response (GSR), eye-tracking, body motion, etc.), user input response (e.g., from
21 mouse, keyboard, joystick, etc.), and task-related information (stimulus markers). In this paper, we
22 explain the structure and details of OpenSync, provide two case studies in PsychoPy and Unity.
23 Comparison with existing tools: Unlike proprietary systems (e.g., iMotions), OpenSync is free and it
24 can be used inside any opensource experiment design software (e.g., PsychoPy, OpenSesame, Unity,
25 etc., https://pypi.org/project/ OpenSync/ and https://¢ithub.com/moeinrazavi/OpenSync_Unity).

26 Results: Our experimental results show that the OpenSync platform is able to synchronize multiple
27 measures with microsecond resolution.

28 Keywords: multiple measures synchronization; automatic device integration; open-source;
29 PsychoPy; Unity

30

31 1. Introduction

32 1.1. Problem Statement

33 The brain supervises different autonomic functions such as cardiac activity, respiration,
34  perspiration, etc. Current methods to study human behavior include self-report, observation, task
35  performance, gaze, gait and body motion, and physiological measures such as electroencephalogram
36  (EEG), electrocardiogram (ECG), functional magnetic resonance imaging (fMRI). Human behavior is
37 inherently multimodal and interdependent; however, most of the studies that provided useful
38  information in the past used only a single measure and did not consider the link between different
39 measures [1]. Another important reason to consider multimodal experiments is that measures from
40  different sources have location (spatial) or timing (temporal) overlap in the brain [2]. Hochenberger
41  (2015) suggests that the experiments that use multiple measures, facilitate the perception of senses
42 that operate in parallel [2]. Hence, to distinguish between different functions in the mind and to have
43 a more accurate interpretation of the behavior, using multiple measures is more informative than a
44  single measurement [4]. In other words, in a similar way that using multiple features improves the
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45  accuracy in a classification task, combining different measures helps to improve the predictions of
46  human behavior in the experiments that study brain functionality and its association with behavior
47 5]

48 Despite the need for multimodal experiments, very few systems exist to integrate different
49  measurements. The problem is that integrating multiple measurements is quite complicated. There
50  are several proprietary and non-proprietary systems (e.g., iMotions [6], BioPac [7], OpenViBE [8],
51  BCI2000 [9], etc.) that ease the implementation of the experiments that employ multiple measures;
52 however, these systems have several drawbacks. First, it is costly and challenging to integrate
53  different devices. Second, the stimulus presentation and data acquisition should be in different
54 software which makes it difficult for synchronization between multiple data streams (since different
55  software may have different processing times which results in undesirable delays). Third, the devices
56  should be connected and started one by one which is time-consuming while instant and easy
57  experiment setup is essential for collecting data from a large group of participants. Finally, storage
58  and accessibility of the data from multiple measurements in a format suitable for data analysis, is
59  difficult.

60 In this paper, we present OpenSync, a system that allows stimulus presentation, data acquisition
61  and recording in the same software and how to make this process automatic and adaptable for
62  various experiments. Next section describes the features of OpenSync platform that help with
63  creating reliable multimodal experiments.

64 1.2. Our Contribution

65 Below, we present the criteria we considered in the development of OpenSync to make it useful
66  for human behavior research experiments.

67 e  Multi Device Synchronization — Synchronize several sensors, I/O devices and markers with
68 microsecond resolution

69 ¢ Easy implementation — the package provides a set of libraries and customized device SDKs
70 that can be imported in psychological experiment design software. Only one computer is
71 needed for device connection, running experiments and recording data.

72 ¢ Quick implementation — integration of multiple measures from multiple sources can be
73 done in a short time without any programming knowledge.

74 e DPractical - this software package addresses key challenges in synchronizing multiple sensors
75 for psychological experiments such as being time consuming to setup, synchronize, and
76 record data from multiple resources.

77 e Modular - the data from all the devices and markers can be recorded independently using
78 the individual functions in the proposed platform.

79 e Comprehensive — data acquisition and stimulus presentation can be in the same software.
80 e Portable — can be used within opensource psychological experiment design software (e.g.,
81 PsychoPy, OpenSesame, Unity).

82 e Automatic — recording data from multiple sources and saving them on the disk will be done
83 automatically.

84 e Adjustable — the platform is expandable to support new devices and update the current
85 devices” SDKs. Also, all opensource devices, as well as non-opensource devices that can
86 stream data with one of the opensource platforms (e.g., C, C++, C#, Python, Java and Octave),
87 can be synchronized.

88 e Open source and Cost-efficient — this is a free, opensource software package and does not
89 need any extra intermediate hardware.

90 e  Multiplatform - this software package is not dependent on operating system, since it has
91 been developed by opensource platforms (i.e., Python, C++, and C#)

92 e Offline data acquisition — prerecorded data can be loaded instead of the data from actual
93 devices. Offline data acquisition is not in the scope of this manuscript and we leave it as a

94 future work.
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95 This paper is structured in the following flow. Section 2 introduces the method we used in

96  developing the OpenSync platform. Section 3 includes two case studies of using OpenSync in

97  PsychoPy and Unity. In Section 4, we test the applicability of OpenSync via time synchronization test.

98  The final section of the paper includes a review of experiments with multiple measures and compares

99  OpenSync with available platforms, followed by summary and possible future extensions for
100  OpenSync.
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102 Figure 1. Overall view of OpenSync platform.
103 2. Method
104 OpenSync platform
105 In this section, we provide the details of the OpenSync platform. Figure 1 shows the overall view

106  of OpenSync platform. OpenSync is a modular platform that can be used to automatically
107  synchronize multiple measures in psychological experiments. It includes one main module, that is
108  wused to initialize, synchronize and record data streams. The main module contains two submodules:
109 Synchronizer and Recorder modules. Synchronizer module is the core of the platform which contains
110 Controller, input/output (I/O) module, Markers module, and Sensors module. Controller is
111  responsible for initialization and synchronization of data streams and sending data to Recorder
112 module. It uses Lab Streaming Layer (LSL) as its core protocol for data streaming and
113 synchronization [10]. /O module is used for streaming user response data from I/O devices
114  (Keyboard, Mouse, Joystick, etc.). Markers module is used for streaming the stimulus presentation
115 markers. Finally, Sensors module is used for streaming data from various biological sensors (EEG,
116  GSR, eye-tracking, body motion, etc.). The Recorder module records all the streams from different
117  submodules in a single file with Extensible Data Format (.xdf) extension. Table 1 describes the
118  pseudocode for the overall structure of OpenSync.

119

120

121
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122 Table 1. Pseudocode for the overall structure of OpenSync

OpenSync Platform

1 # Include required libraries (e.g., LSL)
2 # Include required device SDKs
3 Module OpenSync():
4 _Config_= Get User Input Parameters
// Synchronizer module (Lines 5-7)
Call class 1/0 device from module I/O devices (_Config ) // Call for each I/O device
Call class Stimulus Markers from module markers (_Config )
Call class Physiological Sensors from module sensors (_Config ) // Call for each physiological sensor

Initialize XDF Recorder (_Config ) // Recorder module

O 0 9 N W

Start Synchronization and Recording Data

10 Module 1I/0 Devices:

11 Class I/O device: ~ // Contain class Keyboard, class Mouse, class Joystick, class Gamepad
12 Def init (_Config ):

13 Create and initialize I/O device data stream

14 Def stream_data(I/O object):

15 Stream 1/O data

16 Module Markers:

17 Class Stimulus Markers:
18 Def init (_Config ):
19 Create and initialize stimulus marker data stream
20 Def stream_marker(marker):
21 Stream stimulus marker (int/string)
22 Module Sensors:  // Contains libraries of different physiological sensors
23 Class Physiological Sensors:  // Contains class EEG, class BodyMotion, class EyeTracking
24 Def init (_Config ):
25 Initialize physiological sensor and stream data
123 OpenSync platform contains several functions that can be found in Table 2. In this table,

124 functions 2-6 are associated with the initialization, configuration and streaming of EEG devices. For
125 OpenBCI Cython device, if the Daisy module is installed, we can set daisy=True to record the data
126  from Daisy as well. We should specify the USB port that the OpenBCI Bluetooth dongle is connected
127 to which is “COMS3” by default. In BrainProducts LiveAmp device, the number of EEG channels
128  (n_channels) can be set on {16, 32, 64} and the sampling frequency (sfreq) can be set on {250, 500,
129 1000}.

130 Function 10 runs Gazepoint Control program and streams Gaze data. If the Gazepoint biometric
131 device is connected, the biometrics data can be streamed by setting biometrics=True.

132 In function 12, by setting clickable_object, pos, and click parameters, we can initialize streams for the
133 name of the clicked object, the mouse position coordinates and the name of the mouse button clicked
134 (left, middle, or right), respectively.

135 In function 13, by setting keypress and pos parameters, we can initialize streams for the name of
136  the pressed key and the joystick position coordinates, respectively.

137
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138 Table 2. Functions associated with OpenSync platform
Functions for Physiological Sensors Description
1 EEG = OpenSync.sensors.EEG()
2 EEG.OpenBCI_Cyton(port="COM3", daisy=False)
3 EEG.Unicorn() Initialize, configure and stream
4 EEG.LiveAmp(n_channels, sfreq) EEG devices data
5 EEG.Mindwave()
6 EEG.Muse()
7 Body Motion = OpenSync.sensors.BodyMotion()
Initialize and stream Kinect body motion data
8 Body Motion.KinectBodyBasics()
9 Eye_Tracking = OpenSync.sensors.EyeTracking()
Initialize, configure and stream Gazepoint data
10 Eye Tracking.Gazepoint(biometrics=False)
Functions for I/O Devices
11 keyboard = OpenSync.i_o.Keyboard(Name) Create keyboard object for streaming data
- keyboard.stream_keypress (PsychoPy keyboard object) Stream the name of the pressed key
12 mouse = OpenSync.i_o.Mouse(Name, clickable object=True, Create mouse object for streaming data
position=True, click type=True)
- mouse.stream_clicktype(PsychoPy mouse object) Stream the type of click {left, middle, right}
- mouse.stream_click(PsychoPy mouse object) Stream the name of the clicked object
- mouse.stream_pos(PsychoPy mouse_object) Stream the position of the mouse (in every frame)
13 joystick = OpenSync.i_o.Joystick(Name, keypress=True, pos=True) Create joystick object for streaming data
- joystick.stream_keypress(PsychoPy joystick object) Stream the keypress event
- joystick.stream_pos(PsychoPy_joystick object) Stream the position of the joystick
14 gamepad = OpenSync.i_o.Gamepad(Name) Create gamepad object for streaming data
- gamepad.stream_buttonpress(PsychoPy gamepad object)
Function for Stimulus Markers
15  marker obj = OpenSync.markers.marker(Name) Create marker object for streaming markers
- marker obj.stream_marker(_marker) Stream the stimulus marker (int/string)
Function for Recording Data on Disk
16  OpenSync.record data(“File Address”) Record all streams in a file with .xdf extension
139  Table 3 shows the list of libraries and device APIs for different biosensors that we customized for the
140  development of OpenSync.
141
142
143
144
145
146

147
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148 Table 3. Customized libraries and device APIs used in OpenSync
Source
Type Device Library and Functions
Language
g.tec Unicorn C++ https://github.com/moeinrazavi/Unicorn_LSL
BrainProducts
C++ https://github.com/moeinrazavi/LiveAmp-LSL
LiveAmp
EEG OpenBCI Cyton
Python https://github.com/moeinrazavi/OpenBCI-LSL
(+Daisy)
NeuroSky Mindwave -—- https://pypi.org/project/mindwavelsl/

Link 1: BlueMuse Application
Link 2: BlueMuse Installation Guide

Muse -—-

eHealth Sensor v2.0
C, Python https://github.com/moeinrazavi/eHealth-GSR-LSL

Arduino Shield
GSR
Gazepoint Biometrics n https://github.com/moeinrazavi/Gazepoint-Eyetracking-
Python
Device GSR-HeartRate--LSL
https://github.com/moeinrazavi/Gazepoint-Eyetracking-
Gazepoint Python
Eye-tracking GSR-HeartRate--LSL
Tobii for HTC VIVE C++ https://github.com/moeinrazavi/TobiiPro_SRanipal
Body Motion Kinect C++ https://github.com/moeinrazavi/Kinect-BodyBasics-LSL

149 3. Case Studies

150  3.1. Study 1: Using OpenSync in PsychoPy

151 Figure 2 shows a code snippet of how to use OpenSync to synchronize multiple measures in
152 PsychoPy.

File Edit Tools View Experiment Demos Paviovia.org Help

D H H § ( codePropertes x |

Exp | blank | init X 1 Neme CodeType | Py & |
Begln Routine | Each Frame | End Routine | End Experiment 4 rx
Tmpor € opensync - -
y=sin(x) EEG-=-0Opensync.sensors.EEG()
code  x=random(,
f=tst.ipg® EEG.OpenBCI_Cyton(port="coM3’, -daisy=True) 1
EEG.Unicorn()

EEG.LiveAmp (32, -500)

Body_MOt10n =.0pensync. sensors- BodyMotion () lI

Body_Motion.KinectBodyBasics ()

EYetracking. cazapornt (bionetr 1corealse) 111
ey kot OB jo- Bpansyme- ar kero. matker (nemem mar kers ) Y
opensync.record_data("sample_recording. xdf") V
& < >
Flow
Insert Loop — — (T— (AE—
init { B blank )
153 (cer)
154 Figure 2.a. Code snippet for initialization of OpenSync; I) Setting up EEG sensors II) Setting up
155 body motion sensors III) Setting up eye-tracking sensors IV) Define and initialization of I/O marker
156 and stimulus marker objects V) Recording the data

157
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File Edit Tools View Experiment Demos Pavlovia.org Help
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< >

Flow
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158 L)
159 Figure 2.b. Code snippet for streaming stimulus markers
160
File Edit Tools View Experiment Demos Pavlovia.org Help
O /dds e=65,/ @a60e&®
Exp | blank | init | code 2 Properties x |
Name CodeType [Py v

Begin Experi Begin Routine * | Each Framell: End Routine *| JEnd Experi 4 bx
keyboard_resp. stream_keypress (

in(x)
=tst.jpg’

s e s s B e | [e—

< >

Flow

Insert Routine

Insert Loop )
€3 { [l e
a

161 Lo
162 Figure 2.c. Code snippet for streaming user response (I/O) markers
163 As shown in Figure 2, data streams from multiple sources (e.g., EEG, eye-tracking, body motion,

164  stimulus markers, and keyboard response markers) can be synchronized via OpenSync functions in
165  PsychoPy. All the streams will be recorded in a single .xdf file on the disk by the function
166 OpenSync.record_data(“file_name.xdf”).
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3.2. Study 2: Using OpenSync in Unity

Figure 3. OpenSync in Unity

IR I [s]Center| G@Local | » | 11 | b . OCoIIab;E Account ¥ I Layers v I Layout ||
= Hierarchy 2 i | # Scene |o®Game @ AssetS » i | @ Inspector | =
+ v (oAl Shaded v 20| ® w s« |vlv # v OpenSync (Script) o i

v € SampleScene i
() Directional Light e EEG Devices
0 Plane g.tec Unicorn
() Cube BrainProducts LiveAmp v
& OpenSync Sampling Rate 250 v
Number of Channels 16 v
OpenBCI v
Board Cyton + Daisy v
Neurosky Mindwave
Muse
M Project | B Console CI Body Motion
++ a |8 @ x gi0| Kinect
v @ Assets | Assets Eye-Tracking
B Editor I Editor -
» Bm Eyetracking VIVE M Eyetracking VIVE GazePoint v
[ sl - a Record No v
B GSR_eHealh M= GSR_eHealh HTC ViVE
> B K MK sl
» B LabRecorder B LabRecorder /o
» Bm LiveAmpLSL B LiveAmpLSL VIVE Controller v
» B LSLA4Unity B LSL4Unity Controller Hand Right-Hand Controller v
I B MindwaveLSL
I OpenBCILSL B OpenBCILSL
B Scenes = s::nes Record
» I SteamVR B SteamVR Recording? Yes &
» I SteamVR Input B Gt Save Path C:\Users\Moein\Desktop\Unity_Data\
» Bm SteamVR_Resource v *—

We have designed a Unity inspector that allows the user to stream data from multiple devices
and synchronize them with each other through the GUI without writing code. The user can also set
device configurations (e.g., in the EEG device BrainProducts LIVEAMP, they can set the Sampling
Rate and Number of Channels). In order to record the streams, user only need to set the output path
and data recording will be done automatically (Figure 3).

In order to use OpenSync Platform in Unity, OpenSync.cs and OpenSync_Editor.cs should be
added to /Assets/ and /Assets/Editor/ folders, respectively. Then, OpenSync.cs should be attached
to a GameObject in Unity scene. Figure 3. shows OpenSync attached to the GameObject named
“OpenSync”; it contains some sample devices and measures. Other devices and measures can be
easily added by following the same procedure in the OpenSync script.

4. Time Synchronization Test

In this section, we tested the OpenSync’s ability for time-synchronization. To that end, we
designed an experiment to compare the difference between nominal and average effective sampling
times for a certain device in different conditions, i.e., when only data from that particular device are
being recorded and when its data are being recorded together with data from several other devices.
In our experiment we used g.tec Unicorn as the reference device and then added data streams from
OpenBCl, Gazepoint, Kinect, Mouse and Keyboard devices.

4.1 Experiment

In the experiment, the device sends data to be saved on the disk and the average sample

recording time is measured. Figure 4 shows the flow of this experiment.
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191 Figure 4. flowchart of the experiment
192 In this figure:
193 - D;: i*" data sample from the device
194 - t;: timestamp at which the i*" sample entered the data chunk in memory buffer
195 - t,: timestamp at which the first sample entered the data chunk in memory buffer
196 - T,p: threshold time at which each data chunk is saved on the disk
197  Also, N and AT can be obtained by:
k
198 N=>n,
i=0

199 AT =t, — t,
200
201 The difference between the timestamps of two consecutive loops (t;;; — t;) equals to the real

202  sampling time plus the time lag induced by OpenSync for recording data for each sample. The

203  average time lag s per sample is derived by the following formula:

AT 1

204 s:( ) o
N |AT-T¢pl<e SRatenom

205  where (A—T

~ )IA | equals to the total time for recording a data chunk divided by the number of
T—-Tepl<e

206  samples in that chunk when |AT — Ty, | < €. Also, SRate,,,, is the nominal sampling rate of the
207  device. In OpenSync, Ty, is set on 500 ms for each chunk. Four different cases were included in the

208  experiment:

209 e Case 1 - Unicorn only,

210 e Case 2 - Unicorn + OpenBCl,

211 e Case 3 - Unicorn + OpenBCI + Gazepoint,

212 e Case 4 — Unicorn + OpenBCI + Gazepoint + Kinect + Mouse + Keyboard

213 4.2. Results

214 In this section, we analyzed the delay caused by the OpenSync platform for synchronization. Figure 5
215 shows the distribution of the differences between Unicorn nominal sampling time (250 Hz = 400 us) and the
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216  average real recorded time per sample using OpenSync platform for the four different cases. Table 4 shows

217  the descriptive statistics of the experiment.

218
200 Case 1: Unicorn Only 200 Case 2: Unicorn+OpenBCl
175 A 175 A
150 -
125 A
100 A
751
50
251
93-]00 —-200 -100 0 100 200 300 9% -200 -100 0 100 200 300
time (us) time (us)
Case 4: Unicorn+OpenBCl+Gazepoint+
200 Case 3: Unicorn+OpenBCl+Gazepoint 200 Kinect+Mouse+Keyboard
175 - 175 4
150 150 4
125 - 125 4
100 4 100 -
75 4 75
50 50
25 4 25
93-]00 —-200 -100 0 100 200 300 9.%00 -200 -100 0 100 200 300
time (us) time (us)
219 Figure 5. Results of running OpenSync in cases with different number of devices
220 Table 4. Descriptive statistics of the experiment
Mean
Case N_sample W) SD SE Min (ps) Max (ps)
us
1 600 -0.550 57.7 2.38 -239.67 198.23
2 600 0.515 65.3 2.69 -298.71 352.58
3 600 -0.317 59.4 2.45 -240.32 210.21
4 600 -1.147 60.2 2.48 -243.15 243.28
221 In this table, each sample is the average time lag of recording Unicorn data samples within each

222 data chunk. Each chunk includes 500 ms of data recording and each condition contains 5 minutes (300
223 ) of data recording. Therefore, we have n = 600 samples for each condition. As shown in the table,
224 the minimum and maximum time lags are in the microsecond range, which meets our resolution
225  criteria.

226 To compare the time lag between the four conditions, first we used Levene’s test to check the
227  homogeneity of the variances between the distributions of these conditions [11]. The result showed
228  that their variances are homogeneous, F (3,2396) = 0.04, p = 0.99. Then, we applied Fisher’s One-
229  way ANOVA [12], [13]. No significant difference was found between the time lags in four conditions,


https://doi.org/10.20944/preprints202107.0651.v1

doi:10.20944/preprints202107.0651.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 July 2021

230  F(3,2396) = 0.08, p = 0.97, n = 0.6, power = 1.0. This indicates that increasing the number of
231 devices using OpenSync, does not affect the effective sampling rate of the devices.
232 5.Discussion
233 5.1. Comparison to Existing Tools
234 In this section, we compare OpenSync with other platforms that are used for data acquisition in
235  psychological and neuroscience experiments. Table 5 provides the detailed comparison between
236  different platforms.
237 iMotions is a platform used for implementation of human behavior experiments by integrating
238  multiple biometric sensors (EEG, eye-tracking, EDA, etc.) [6].
239 BioPac is a system that provides multiple EEG, eye-tracking, GSR, etc. devices along with data
240  acquisition and analysis tools used for behavioral experiments [7].
241 OpenViBE and BCI2000 are platforms used for designing brain-computer interfaces that allow
242 to connect different EEG devices along with several pre-configured and demo programs such as
243 study/feedback paradigms [8], [9].
244 Naturalistic experimental design environment (NEDE) is a platform for Unity engine that
245  integrates eye-tracking and EEG devices for experiments in 3D environment [14].
246 The Unified Suite for Experiments (USE) includes a set of hardware and software tools to
247  integrate EEG and eye-tracking for behavioral neuroscience experiments [15].
248 Table 5. Comparison between different platforms
iMotions | BioPac | OpenViBE | BCI2000 NEDE USE OpenSync
Free/Opensource x x v v v v v
lti-Devi
SyMn:hionfz‘;’cCiZn Y Y * * Y Y Y
Python,C,
Platforms x x C++ C++ JavaScript Ct C#
C++,Java,
Matlab
Device Support Limited | Limited | EEGOnly | EEGOnly | Limited | Limited | Unlimited
Comprehensive v x x v x x v
E
Implen?esr}lltation Y Y Y Y * * Y
M | | | | e e
Automatic
Record * * * * * *
User Extendable x x x x x x v
Portable x x x x x x v
249 5.2. Studies with multimodal measures
250 A few studies tried to integrate multiple measures into the experimental
251  psychology/neuroscience portal. Reeves et al. (2007) state the importance of using multiple measures
252 in the goals of Augmented Cognition (AUGCOG) [16]; they discuss the combination of multiple
253  measures together as a factor for the technologies that improve Cognitive State Assessment (CSA).
254  Jimenez-Molina et al. (2018) showed that analyzing all measures of electrodermal activity (EDA),
255  photoplethysmogram (PPG), EEG, temperature and pupil dilation at the same time, significantly
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256  improves the classification accuracy in a web-browsing workload classification task, compared to
257  using a single measure or a combination of some of them [17].

258 Born et al. (2019) used EEG, GSR and eye-tracking to predict task performance in a task load
259  experiment; they found that low-beta frequency bands, pupil dilations and phasic components of
260  GSR were correlated with task difficulty [18]. They also showed that the statistical results of analyzing
261  EEG and GSR together were more reliable than analyzing them individually. Wang et al. (2014) used
262 PsychoPy, EEG, and LSL for Brain-Computer Interface (BCI) stimulus presentations. They used these
263 to synchronize the stimulus markers and EEG measurements [19]. Leontyev et al. combined user
264  response time and mouse movement features with machine learning technics and found an
265  improvement in the accuracy of predicting attention-deficit/hyperactivity disorder (ADHD) [20]-
266  [22]. Yamauchi et al. combined behavioral measures and multiple mouse motion features to better
267  predict people’s emotions and cognitive conflict in computer tasks [23], [24]. Yamauchi et al. further
268  demonstrated that people’s emotional experiences change as their tactile sense (touching a plant) was
269  augmented with visual sense (“seeing” their touch) in a multisensory interface system [25]. Razavi et
270  al. provided a comprehensive tutorial on how use LSL for integrating multimodal experiments into
271  psychological experiment design software, PsychoPy and Unity [26]. Chen et al. (2012) tried to
272  identify possible correlations between increasing levels of cognitive demand and modalities from
273 speech, digital pen, and freehand gesture to eye activity, galvanic skin response, and EEG [27].
274  Lazzeri et al. (2014) used physiological signals, eye gaze, video and audio acquisition to perform an
275  integrated affective and behavioral analysis in Human-Robot Interaction (HRI) [28]; by acquiring
276  synchronized data from multiple sources, they investigated how autism patients can interact with
277  affective robots. Cornelio et al. reviewed the challenges and technological issues in creating
278  multisensory experiments [29]. Charles and Nixon (2019) reviewed 58 articles on mental workload
279  tasks. They found that physiological measurements such as ECG, respiration, GSR, blood pressure,
280  EOG and EEG need to be triangulated because though they are sensitive to mental workload, no
281  single measure satisfies to predict mental workload [30]. Lohani et al. (2019) suggest that analyzing
282  multiple measures such as head movement together with physiological measures (e.g., EEG, heart
283 rate, etc.) can be used for the drivers to detect cognitive states (e.g., distraction) [31]. Gibson et al.
284  (2014) integrated questionnaires, qualitative methods, and physiological measures including ECG,
285  respiration, electrodermal activity (EDA) and skin temperature to study activity settings in disabled
286  youth [32]; they stated that using multiple measures reflects a better real-world setting of the youth
287 experiences. Sciarini and Nicholson (2009) used EEG, eye blink, respiration, cardiovascular activity
288  and speech measures in a workload task performance [33].

289  5.3. Summary and Future Work

290 The ability to use multiple synchronized measures to distinguish factors affecting behavior and
291  brain functionality is getting more attention. Multiple studies showed that using several measures
292  (multimodal experiments) can improve the accuracy and the confidence for interpretation of the
293 results. Synchronizing multiple measures with different sampling rates has various challenges that
294  only few studies tried to integrate more than two measures. In this paper, we introduced OpenSync
295  platform for integrating and synchronizing multiple measures. Once the experiment is created using
296  this platform, it is straightforward and timesaving for the experimenter to run the experiment as
297  every measure starts being recorded and saved on the disk automatically. This platform can be easily
298  expanded and used for different purposes such as Brain-Computer Interface and Neurofeedback
299  experiments [34]. In future, this platform can be expanded for multimodal-multisensory experiments
300 that involve different human senses (e.g., tactile, hear, smell, taste, etc.). Applying OpenSync to
301  different human senses will improve accuracy and is likely to advance our knowledge of human
302  behavior [35]. For this purpose, the state-of-the-art deep learning models are powerful tools that have
303 recently been used for combining and analyzing data from multiple sources together [36].

304
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306  Appendix

307  Lab Streaming Layer

308 LSL is an application programming interface (API) that is available on open-source platforms
309 (e.g., Python, C, C++, C#, Java, Octave, etc). It uses Transmission Control Protocol (TCP) for stream
310  transport and User Datagram Protocol (UDP) for stream discovery and time synchronization. TCP is
311  a connection-oriented protcthat guarantees errorless, reliable and ordered data streaming and it
312 works with internet protocol (IP) for data streaming [37], [38] whereas UDP is a connectionless
313 protocol [39]. The software development kit (SDK) of almost every consumer and research-grade
314  device that supports one of the opensource platforms (e.g., Python, C, C++, C#, Java, Octave, etc.), can
315  be customized to stream data via LSL.

316  Installing OpenSync

317 OpenSync can be installed for any Python environment using “pip install OpenSync”. To install
318  OpenSync on PsychoPy, set the current directory in the command line to PsychoPy Python directory
319  (e.g., use “cd C:\Program Files\ PsychoPy3” command) and then use “python -m pip install OpenSync --
320  user”.

321 To use OpenSync on Unity, download the files from OpenSync_Unity github repository
322 (https:/github.com/moeinrazavi/OpenSync_Unity) and copy them inside the /Assets/ folder in your
323 Unity project. Then create a new GameObject in Unity and add the OpenSync.cs script to that
324  GameObject. This will automatically add OpenSync GUI to Unity inspector.

325  .xdf File Structure

326 In order to open .xdf file in Python, first it is required to install pyxdf in python using pip in
327  command line: “pip install pyxdf”. The .py file in the link: pyxdf example, is an example of opening
328  .xdffilesin Python. It is recommended to use Spyder (https://docs.spyder-ide.org/installation.html) as
329  the Python platform to open the .xdf files, since the Variable Explorer panel in Spyder allows to track
330  the variables. The fields of a .xdf file in Python are shown in shown Figure A1.

Header
—  Footer
XDF Filename
— Info
Streams Stream  — | Time Series
— Time Stamps
331
332 Figure Al. Fields of .xdf file
333
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