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Abstract Data Collection Machine L.earning Results

 Developed a BLE-based wearable badge system to analyze meeting dynamics without ) gonnect to Badges6V§aBBluetooth Low Cﬁllnergy l}alased on MACD. U Mulitllager Perceptron (10-fold cmss_‘;ﬂ:ﬁ?ﬂﬂﬁm

recording audio, ensuring privacy. ystem supports ~6-8 Badges connected to one host g g p un Summary

* Badge data IS pUIled at 16 HZ Classifier: MultilayerPerceptron ow o

* Enables real-time multi-user sensing and extracts features such as speaking ratio, silence * Data includes: D Relation: meeting_effectiveness

ratio, and turn-taking patterns. = Sound Level —— L‘::; :: .
* Quantifies participation equity using metrics like the Gini coefficient. " Acceleration festmode: 10-fold cross-validation

Build time: 0.04 s

* Uses machine learning to classify meeting effectiveness (low/medium/high) with up to 93% " RSSI Accuracy: 81.2% high1 O 0

accuracy. * This data gets stored in a CSV file Kappa: 0.7091 | |

MAE: 0.1758 low medium high
Predicted

. Reveftls that speaking i.mbalanc.e and excessive s.ilence are strongly .associated with lower Auto Data Labeling RMSE: 0.3269 T

meeting quality, enabling real-time feedback for improved collaboration. - Data is split into 500 ms time windows Normaised (% of around truth) | Row-normalised

for analysis fpi?;dgﬁ?ﬁ_ 39% 6% 6% 5% 1% 3% 40% TP l:tate Prec?sion Retl:all F—Me?sure ROCIArea MICC
Technical Description » Each badge is scored using IQR- w-- |
1.0

« Each BLE wearable badge streams sound level, acceleration, and RSSI data to a central normalized sound and accelerometer posenny| 11% 33% 8% 9% 0% 5% 34% medium - 0.857 0.857 0.800 n

host, with device whitelisting to ensure reliable participant-specific data. data

. . . . . S 5% 1% 2% 4% 6% 'g -----

* Raw sensor signals are segmented into 20-second windows, and features are computed from | | ¢ A rolling 1s mean vs. 60s baseline

each segment.

threshold detects when speech 1s present Random Forest (10-fold cross-validation)

Manual Speaker (Ground Truth)

. . . tPier.g:?r?T]r 1 4% 6% 7% 18% 0% 3% Run Summary Confusion Matrix
* Speech activity 1s automatically labeled using heuristic sound thresholds and cross-badge * Accelerometer data is weighted 1.2x to | )
. N . . . Classimer RandomForast
peak comparison within 500 ms time bins. distineuish th Kine badee £ . ecting crtectivenns e 0
ISUNZUISANC Speaking badge rom Badgeos| 495 0% 0% 2% QoA 1% 30% — 16
» Extracted features include speaking ratio, silence ratio, turns per minute, and Gini bystanders 02 R o T B medume
coefficient for participation equity. . . , Build time: 0.05
b P Ay * The highest-scoring badge wins a Bedeelol G5 5% 4% 6% 3% 20%
. . . . . . . 0.0 ACCUraCY: . igh 1 0 0
 Multiple machine learning models are trained using self-reported labels to classify meeting o , - - o
; . . 0 majority vote across S windows before N ' . .
effectiveness, achieving up to 93% accuracy. MAE 0.2129 ow  medum  high
. . no speaker - o 0 0 0 0 o] MCE: _ Predicted
belng labeled active _speak 3% 2% 1% 7% 5% 3% RMSE 0.2612 | . E—
PrOI eCt WOrkﬂOW : ' ' Per-Class Performance Metrics rnormalised
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» Wearable BLE voice badges  Split data into 500 ms windows + Speaking & silence ratio * Join feature tables * Load .arff into Weka * Review classifier accuracy burStS, ﬁlls brlef gapS’ and merges Auto-Labeled Speaker low - 0.800 0.800 0.889 1.000 0.856
= Streams Sound, RSSI, * IQR-normalize sound & accel. = Turns per minute & » Label meeting effectiveness: « Random Forest = Cross-validation in Weka

& Acceleration per badge mean turn duration low / medium / high + Multilayer Perceptron + Identify key features nearby active periOdS
= Multiple badges at once * Isrolling vs. 60s baseline » Turn equity (Gini coeff.) » Export to .csv & .arff « Naive Bayes « Visualize results
itiad t hreshold d h - C bi d s d 1.2 [ Highest 5 Wi Bi medium - 0.875 0.933 1.000 0.882
* Unified timestamped CSV thresho etects speec * Per-participant talk share omaine cCore {nﬂrm_Eﬂ un + " < I'Iﬂ'rm_ﬁ cCe j — Ig 25 Ciome Iins in
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« Majority vote across 5 bins w 1.5 high - 1.000
» Post-process: remove short E
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Analysis & Conclusions
Feature Extraction « Random Forest achieved the best result out of the tested models, at 93.8%
« Lo  The auto-labeled CSV 1s loaded, and raw samples are aggregated into 500ms bins per npa:
Existing Research ’ P SEICE P (Kappa: 0.902) | _
badge « High effectiveness meetings were classified nearly perfectly by both
APPROACH ACCURACY / PERFORMANCE LIMITATIONS * The meeting 1s divided into fixed time windows (default 5 minutes) and the same features models, suggesting a clear behavioral signature exists

are computed per window to capture how dynamics shift over time e Medium seems harder to classify for Rando Forest, and low was

MIT Sociometric Badges Wearable (audio + motion + IR ~87% (face-to-face interaction Expensive; * Three output tables are produced: Meeting Metrics challenging for Multilayer Perceptron
& + Bluetooth) detection) (MIT Media [Lab) derived metrics vary ti o
O 0nec row per mecung Gini Coefficient 0.241 * Random Forest had better Recall and Perception overall
Requires O one row per participant 0 = perfectly equal, 1 = one persan dominates * Turn-taking dynamics and participation balance (micro turn ratio, back-to-
Open Badges (2016) Open-source wearable badges N/A custom assembl O one row per time window back rati ki t; the st ¢ dict £ i lit
y D ine, Activit, Participation Entropy 0.943 ack ratio, speaking ratio) were the strongest predictors of meeting quality
. . Commercial badge validation ~50-65% SCIlSitiVity, ~95% Vendor 0 = pne speaker, 1 = parfectly balanced
Validation Study (2018) vs ground truth specificity (arXiv) metrics unreliable
Dominant Speaker 29.2% Future Work
Accelerometer Speech L : Not consistently reported (lower than audio TN T v tan sneaker . . . oye
Detection (2012) Speech via vibration (no audio) methods) (Studocu) Reduced accuracy action of speaking time by top speake * Expand dataset beyond 16 meetings to improve generalizability and reduce
(Sjrglt?fft;:s;tci};n Detection (2025) Smartwatch (audio + motion) 82% Needs phone pairing Speaking rumns with no silence gap before them * Test across remote meetlngsﬂ larger teams, and professmnal settlngs
34%  sience  Turns / Minut - * Buld a real-time feedback dashboard that alerts facilitators when a meeting
FNs INUute . .
Multimodal Engagement (2024) tracki 96% Privacy + cost 1ssues Pace of conversation : )
eye tracking) * Increase the deployment of badges from 6-8 to a wider amount to see 1f
. Mean Turn Duration 4.9s i
IC)O?V?Slnégjig;lp Accelerometers + transfer learning | ~70-85% (task-dependent) Needs multiple users _ outcomes degrades OT 1MPIoves . . . .
ctection Awverage fioor-hold length e Move from WEKA to a custom model for detection and identification
Hybrid Meeting Physiological wristbands (HR, . * Attempt to get model on-device for faster real-time response
N/A Extra sensors required

Engagement (2025) EDA)
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