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MindScribe: Innovation Report

Introduction & Background: When my mom’s asthma flares, even a short sentence costs her breath. A close
friend’s grandmother was recently intubated near the end of life. She could not tell us if she was in pain or if she
just needed water. Those moments made the gap obvious: in urgent care, people don’t need paragraphs, they
need a few essential words, spoken quickly with almost no effort. That insight shaped MindScribe. | studied
work on silent-speech systems and eye-controlled communication. Many sEMG projects try to reconstruct full
speech or support very large vocabularies with dense electrodes; strong in the lab, but slow to set up at a
bedside. Other studies show small channel counts can still carry useful information, yet practical, repeatable
placement and across-day stability are not always clear. Gaze typing needs many long fixations and can tire
already-ill eyes; dry eye is common in ICU settings (See App Z). From this literature, | chose to avoid continuous
eye control and use one voluntary blink only when the model is uncertain: a low-effort confirm step. My guiding
question. What is the smallest useful word list and the smallest number of facial electrodes that still let a person
say what matters, and can a single blink safely confirm only when needed?

Methods & Procedure: | standardized an 8-channel facial/submental montage with fixed landmarks, polarity,
and pre-flight checks so signals are repeatable across days (muscles: ZYG, RIS, LLS, DAO, DLI, MAS, ABD, SLH)
(See App A). Signals were recorded with an OpenBCl Cyton at 250 Hz; for every trial | saved a 2.0 s window that
spans the “mind preview” and the silent articulation (See App B, C). Each trial followed one fixed loop: READY
1.0 s = preview 0.8 s - silent speak 1.2 s - REST 1.0 s, drawn from eight words (yes, no, help, pain, up, down,
hmmm, blank). Targeted follow-ups produced 5,294 total trials with documented per-class counts (See App C). |
filtered 20—120 Hz with 60/120 Hz notches, then cropped each word to an energy-peak segment so every
example has the same length (See App D). For learning, | applied per-session z-score normalization and used a
compact temporal model fed by a simple feature stack (raw, envelope, RMS). | evaluated generalization by
holding out entire sessions (across-day test) with saved splits (See App E). To minimize electrodes, | ran a greedy
channel-ablation on the held-out test sessions and then retrained on Top-K. Zygomaticus (ZYG) and Risorius (RIS)
ranked highest most often, with DLI/LLS as common next choices, evidence for a 3—4 electrode cheek-patch path
(See App F). The demo GUI speaks automatically when confidence > 0.70 and arms a single blink only when
confidence is lower, keeping eye effort minimal for the design rationale.

Observations & Results: Using the fixed protocol at 250 Hz with a 2.0 s save window, | collected 5,294 trials with
balanced timing and documented per-word count on 8 — channels (See App B, C). On a representative 5-word
held-out-day test, the compact model achieved = 0.90 accuracy (+ 0.005) with similar macro-F1, showing the
patterns generalize across days rather than only within one session (See App E). Ablation confirmed that most of
the predictive power sits on a few cheek channels: ZYG/RIS lead; DLI/LLS often complete effective Top-3/Top-4
sets, supporting the tiny cheek-patch prototype (See App F, G).

Conclusion & Why It Matters: MindScribe shows that few electrodes and a small, high-value word list can
restore urgent communication with almost no eye work. When the model is confident, it speaks right away;
when it is not, one blink confirms. This design choice directly serves people who are intubated, short of breath,
or fatigued people who need fast, clear words, not long interactions (See App Z).

What’s Next: | will finalize the cheek-patch using the best Top-3/Top-4 channels and mark quick re-attachment
points (for nurses and home caregivers) (See App A, F). | will tune class-specific confidence gates in the GUI (e.g.,
stricter for “silence”) while keeping blink-to-confirm only for low-confidence cases. (See App E, Z). | will run a
small user pilot with the patch to check comfort and across-day stability using the same trial protocol; the
acquisition pipeline (board settings, filtering, cropping, exports) will remain unchanged for reproducibility. (See
App B, C, D).
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5-word set: Yes, No, Pain, Hmm, 8-word set: Yes, No, Pain, Hmm,
Channel Muscle Silence Silence, Help, Up, Down
8 Channel Accuracy 90% 8 Channel Accuracy 74.60%

1 Masseter o o o o o o o

2 Zygomaticus 1 ° o o 1 ° o o o

3 Anter.lor Be'IIy of ° o o 5 o o o o
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7 Depresso.r Anguli 4 ° ° o ° ° ° °
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8 Stylohoid o o o o o o o
56.8% 77% | 85.6% 49.3% | 54.8% | 63.8% | 69.1%

Table 1: 8 and 5 word accuracies on 8 Channels and Channel Ablation Accuracies (Detailed Results in App G)
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Figure 1 and 2: Confusion Matrices for 5 and 8 words.
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This is a simple homemade version of a tiny 3 electrode patch targeting three key

muscles for urgent words with Silicon tape. Factory made patches will be even more

durable, cheap and comfortable. This can make urgent communication fast,

comfortable, cost effective, reliable and assessable for all caregivers.
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