ReadingMinds.Al

The Science Behind the
Emotional Fingerprint

How ReadingMinds Detects and Scores Emotion in Voice

2026 Technical Backgrounder

How does ReadingMinds turn a live voice conversation into a single emotion label and intensity score for every
conversational turn? This technical backgrounder explains the two-layer architecture, the signal types it
captures, the classification and scoring models, and the privacy principles that keep customer data safe.
Written for technical buyers, data teams, and security reviewers who need to understand what is happening

under the hood.
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What this technical backgrounder covers
@ The two-layer architecture that extracts raw voice signals and classifies them into six emotions.
@ How prosody, language semantics, and non-verbal cues combine to produce a single emotion per turn.

@ Why intensity scoring (1-9) matters more than binary sentiment for real business decisions.
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THE PROBLEM WITH SENTIMENT ANALYSIS

#1 Why Binary Sentiment Is Not Enough

Most voice analytics and survey tools reduce human emotion to a single axis: positive, negative, or neutral.
That simplification loses most of the signal. A customer who says 'l guess it is fine' and a customer who says
'ves, that is exactly what we need' both score as 'positive' in a binary system, but the business implications are
completely different.

The first customer is indifferent. The second is enthusiastic. A renewal team, product marketer, or sales leader
needs to know the difference, because the next action depends on it.

The Intensity Gap

Two customers can both be 'unhappy,' but one is mildly disappointed (intensity 3) while the other is
actively angry (intensity 8). Binary sentiment treats them the same. ReadingMinds does not.

ReadingMinds was built to close this gap. Instead of a single polarity score, every conversational turn produces
one emotion label from a six-category taxonomy and one intensity score on a 1 to 9 scale. The result is the
ReadingMinds Emotional Fingerprint™: a turn-by-turn emotional profile that is traceable, auditable, and tied to
direct customer quotes.

This document explains how we get there.

Sentiment tells you the direction. Emotion and intensity tell you the magnitude and the
right next action.
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TWO-LAYER ARCHITECTURE OVERVIEW

#2 Two Layers, One Output

The ReadingMinds emotion engine uses a two-layer architecture. Each layer has a distinct role, and they are
decoupled by design so that changes in one layer do not break the other.

Layer 1: Multi-Modal Signal Extraction
The first layer is a signal extraction engine that processes raw voice audio and transcript text. It runs three
parallel analysis models on every conversational turn:
* Prosody analysis: extracts emotional signals from how something is said: tone, pitch, rhythm, pace, and
vocal energy.

* Language analysis: extracts emotional signals from what is said: word choice, phrasing, semantic tone,
sentiment polarity, and toxicity indicators.

* Non-verbal analysis: detects emotion in sounds that are not words: laughter, sighs, hesitations, gasps,
and other paralinguistic cues.

Together, these three models produce a high-dimensional feature vector: dozens of expression scores, a
sentiment distribution, and toxicity indicators. This raw signal is rich, but it is not yet actionable for a business
user.

Layer 2: Classification and Scoring

The second layer is ReadingMinds' proprietary classification engine. It takes the raw feature vector from Layer
1 and produces two outputs:

1. Emotion label: one of six categories (Sad, Angry, Confrontational, Neutral, Cheerful, Enthusiastic)

2. Intensity score: a 1 to 9 rating of how strongly that emotion is expressed

This is the ReadingMinds Emotional Fingerprint™. One emotion, one intensity, per conversational turn, every
turn, for every participant.

Why Two Layers?

Decoupling signal extraction from classification gives ReadingMinds three advantages: (1) the signal layer
can be upgraded independently as voice Al advances, (2) the classification taxonomy is owned entirely by
ReadingMinds and tuned for business decisions, and (3) raw signal data never reaches the end user,
preserving both simplicity and privacy.
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LAYER 1: MULTI-MODAL SIGNAL EXTRACTION

#3 Three Signal Types from One Voice

Human emotion is communicated through multiple channels simultaneously. A speaker's tone of voice, word
choice, and non-verbal sounds each carry independent emotional information. Capturing only one of these
channels loses context that the others provide.

ReadingMinds' signal extraction layer processes all three channels in parallel for every conversational turn.

Prosody: How It Is Said

Prosody analysis examines the acoustic properties of speech: fundamental frequency (pitch), pitch variability,
speech rate, pause patterns, vocal energy, and spectral characteristics. These features are processed using
deep neural network architectures trained on large-scale speech emotion corpora.

Prosody is especially valuable for detecting emotions that speakers actively try to mask. A customer may say
‘everything is fine' while their pitch flattens and their speech rate drops, both strong indicators of disengagement
or suppressed frustration.

Why Prosody Matters for B2B

In professional conversations, people self-edit their words heavily. They are less able to control their vocal
tone and rhythm. Prosody captures the signal that politeness filters out.

Language: What Is Said

Language analysis examines the semantic content of the transcript. It captures sentiment polarity (how positive
or negative the statement is, scored on a continuous scale), toxicity indicators (hostile, dismissive, or
confrontational language patterns), and fine-grained emotional expression signals derived from word choice
and phrasing.

This channel is critical for distinguishing emotions that sound similar acoustically but have different business
meanings. For example, a raised voice might be anger or enthusiasm; the words tell you which.

Non-Verbal Cues: What Escapes Between Words

The non-verbal channel detects paralinguistic sounds: laughter, sighs, throat clearing, audible hesitations,
gasps, and groans. These sounds often signal emotion more honestly than words or even tone, because they
are largely involuntary.

A deep sigh before answering a question, a genuine laugh in response to a concept, or a sharp intake of breath
after hearing a price point all carry emotional information that the other two channels miss.
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SIGNAL FUSION AND FEATURE ENGINEERING

Combined Feature Vector

The outputs of all three channels are merged into a single feature vector per conversational turn. This vector
includes dozens of raw expression scores, derived features, and temporal context. The combined vector is the
input to Layer 2.

Derived Features

In addition to the raw expression scores, several derived features are computed to improve classification
accuracy:

Feature Derivation Purpose

Expected Sentiment Weighted average of the sentiment distribution,  Single-number summary of overall positivity
mapped to a 1-9 scalar or negativity

Positive Strength max(0, (sentiment — 5) / 4) Isolates the upside signal; 0 when sentiment

is neutral or negative

Negative Strength max(0, (5 - sentiment) / 4) Isolates the downside signal; 0 when
sentiment is neutral or positive

Max Toxicity Maximum across all toxicity subcategories Flags confrontational or hostile language
(insult, threat, etc.) regardless of category

These derived features give the classifier stronger separation between emotions that overlap in raw expression
space. For example, both anger and enthusiasm produce high vocal energy, but they diverge sharply on
sentiment polarity and toxicity.

Why Feature Engineering Matters

Raw expression scores from the signal layer are perceptual estimates, not direct emotion labels. A high
‘contempt’ score combined with high 'anger' and elevated toxicity is a strong pattern for Confrontational,
but only if the model can see those signals as a group. Derived features make multi-signal patterns visible
to the classifier.

The signal extraction layer sees what a trained human listener would notice: the words,
the tone, the pauses, and the sounds between the words. It captures all of it, every turn.

ReadingMinds.Al | Why Guess When You Can Know?




LAYER 2: CLASSIFICATION AND INTENSITY SCORING

#4 From Raw Signals to Business-Ready Output

Layer 2 is the proprietary ReadingMinds classification engine. It receives the high-dimensional feature vector
from Layer 1 and produces two outputs: one emotion label and one intensity score.

The Classifier: Which Emotion?

A gradient-boosted decision tree classifier (LightGBM) takes the full feature vector and predicts one of six
emotion categories. Gradient-boosted trees were chosen over deep learning alternatives for three reasons: (1)
they handle mixed feature types (continuous scores, binary flags, ratios) naturally, (2) they are fast enough for
real-time inference on every conversational turn, and (3) they are interpretable, meaning we can audit which
features drove each prediction.

One Emotion Per Turn

ReadingMinds assigns exactly one emotion per conversational turn. Multi-label classification (showing two
or more emotions simultaneously) was evaluated and deliberately rejected. A single label per turn
produces clearer reports, simpler dashboards, and unambiguous recommendations.

The Regressors: How Strong?

After the classifier selects an emotion, a dedicated intensity regressor for that specific emotion scores its
strength. There are six regressors in total: one for each emotion category. Each regressor is a LightGBM
regression model trained exclusively on examples of its target emotion.

Why separate regressors? Because the features that indicate mild sadness are not the same features that
indicate intense sadness. A shared model would average across emotions and lose precision. Per-label
regressors capture the unique intensity curve of each emotion.

The regressor outputs a continuous value between 0.0 and 1.0, which is converted to the 1 to 9 integer scale
using a simple linear mapping:

Intensity Conversion

intensity = round(1 + 8 x raw_score). A raw output of 0.0 maps to 1 (barely present). A raw output of 1.0
maps to 9 (extreme). This mapping preserves the full dynamic range.

A Note on Model Architecture Choices

Some technical buyers ask why ReadingMinds uses gradient-boosted trees rather than transformer-based
deep learning for the classification layer. The answer is intentional, not a limitation.
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Deep learning models, particularly large transformer architectures, are powerful feature learners, but they are
opaque. When a model outputs 'Confrontational, intensity 7," a business buyer needs to trust that prediction
enough to act on it. Interpretable models allow us to audit which features drove each classification, trace
disagreements back to signal-level inputs, and maintain a verifiable audit trail per interview.

The prosody, language, and non-verbal signal extraction that feeds Layer 2 is where deep learning earns its
keep: those models are trained on large-scale speech corpora using architectures optimized for sequential
audio signals. The classification layer then operates on already-rich, engineered features where interpretability
and speed matter more than raw representational power. This is a deliberate architectural division of labor, not
a constraint.

Deep learning extracts the signal. Interpretable models make the decision. That
separation is what makes every prediction auditable and every insight traceable.

Summary: Layer 2 Model Stack

One 6-way classifier (gradient-boosted trees) selects the emotion label. Six per-label regressors (one per
emotion) score the intensity from 0.0 to 1.0, mapped to a 1-9 integer scale. All models run per
conversational turn, in real time, with full feature-level auditability.
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THE SIX-EMOTION TAXONOMY

#5 Six Emotions, Chosen for Business Decisions

Academic emotion research typically uses taxonomies of 20 to 50+ categories. These fine-grained labels are
valuable in laboratory settings, but they create noise in a business context. A product marketer or renewal team
does not need to distinguish between ‘awe' and ‘admiration’; they need to know whether the customer is
engaged or pulling away.

ReadingMinds distills the full expression spectrum into six categories chosen specifically for their business
utility: each maps to a clear next action.

] ] ] ] ] ]
S ] O ] O ]
B O ] O ]
] O ] ]
] O ]
O L
———————§ ]
————————§
3/9 5/9 7/9 4/9 6/9 8/9
Emotion Signal Pattern Business Meaning
Sad Sadness, distress, negative sentiment, low Customer is disengaged or experiencing loss.
vocal energy Requires empathetic outreach.
Angry Anger, annoyance, elevated pitch and pace Active frustration. Escalation risk. Requires
immediate attention.
Confrontational Anger + contempt + disapproval + toxicity Hostile stance. Churn risk is high. De-escalation
signals and senior intervention.
Neutral Low emotional peaks, sentiment near midpoint ~ No strong signal either way. May indicate
indifference or professional detachment.
Cheerful Joy, contentment, satisfaction, warm tone Customer is satisfied. Good time for expansion
conversations or referral asks.
Enthusiastic Enthusiasm + excitement + strong positive High engagement and buying energy. Highest
sentiment conversion and expansion potential.

Every emotion maps to a business action. That is the design principle: if the label does
not change what the team does next, it does not belong in the taxonomy.
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TURN-LEVEL PROCESSING PIPELINE

#6 How a Single Turn Becomes an Emotion Score

Every conversational turn goes through the same four-step pipeline. There are no batch processes or post-hoc
adjustments. The emotion and intensity are determined in real time as the conversation happens.

Capture Extract Classity Score
Voice audio from ’ Prosody + language + ’ 6-way classifier ’ Per-label regressor

one conversation turn non-verbal signals predicts emotion label outputs intensity 1-9

Step 1: Capture

The system captures the audio and transcript of one conversational turn. Speaker identification is applied so
that interviewer and participant turns are processed separately.

Step 2: Extract

The signal extraction layer runs prosody, language, and non-verbal analysis in parallel. The outputs are
transformed into a single feature vector with derived features: expected sentiment (weighted average on a 1 to
9 scale), positive strength, negative strength, and maximum toxicity.

Step 3: Classify

The six-way classifier takes the feature vector and predicts the emotion label. The model evaluates all six
categories and selects the one with the highest confidence.

Step 4: Score

The per-label intensity regressor for the selected emotion scores its strength. The raw output (0.0 to 1.0) is
converted to the 1 to 9 scale.

Example Output

Turn 42 of a churn-risk interview. Classifier output: Confrontational. Regressor raw score: 0.73. Mapped
intensity: round(1 + 8 x 0.73) = 7. Final output: Confrontational, intensity 7/9.
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VALIDATION AND ACCURACY

#7 How We Know It Works

Emotion classification is inherently subjective. Two humans listening to the same voice clip will sometimes
disagree. The validation approach for ReadingMinds accounts for this by anchoring on listener perception
rather than speaker self-report.

Labeling Philosophy

Training data is labeled with the instruction: 'What does this sound like to a listener?' This is deliberately
different from 'What is the person feeling?' Internal emotional state is unknowable from audio alone. What is
measurable is the expression: the emotional signal that a listener would perceive.

This distinction matters because business decisions are based on perceived signals. If a customer sounds
angry, the renewal team needs to act on that signal regardless of the customer's private internal state.

Intensity Calibration

The 1 to 9 intensity scale is anchored to human-interpretable benchmarks:

Score Meaning Example

1 Barely present A faint trace of the emotion that most listeners would miss

3 Mild Noticeable to an attentive listener but not dominant

5 Clear Unmistakable to any listener; the emotion is the primary signal
7 Strong Dominant emotional tone; affects the listener's response

9 Extreme Overwhelming intensity; impossible to miss or ignore

Continuous Improvement

Model performance is monitored through ongoing human review of a random sample of classified turns.
Disagreements between model output and human reviewers are fed back into training. The model version is
stored alongside every output so that historical predictions can be benchmarked against future improvements.

Classification Performance

The signal extraction models underlying the ReadingMinds engine are grounded in peer-reviewed affective
science, developed in collaboration with researchers in psychology, affective computing, and machine learning,
and validated against gold-standard emotion datasets. The underlying research spans more than 50 published
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studies in leading scientific journals: one of the largest empirical bodies of work in the field of human expression
measurement.

For business users, the most meaningful accuracy standard is inter-rater reliability: does the system agree with
what a trained human listener would classify? Our models are benchmarked against this standard rather than
speaker self-report, which is inherently unverifiable. The result is a system that reflects the shared, aggregate
understanding of what different emotional expressions sound like: the same judgment a customer success
leader or sales manager would apply intuitively.

Precision vs. Trend Analysis

Like any probabilistic system, per-turn classification is most powerful when interpreted across a full
interview: patterns, shifts, and intensity arcs, rather than as a single-point verdict. A customer who trends
from Neutral (intensity 4) to Confrontational (intensity 7) over six turns tells a clearer story than any
individual turn in isolation. This is by design: the Emotional Fingerprint is a profile, not a score.

We measure what a listener would perceive, not what a speaker claims to feel. That is the
only honest standard for voice-based emotion classification.
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EVALUATION CHECKLIST FOR BUYERS

Evaluation Checklist for Technical Buyers

Use this checklist when evaluating any voice emotion analytics vendor.

Architecture and Models

Question

ReadingMinds

Does the system use multi-modal analysis (prosody + language +
non-verbal)?

Is classification separate from signal extraction?

How many emotion categories does it produce? Are they
business-relevant?

Does it score intensity, or only emotion direction?

Is classification performed per conversational turn, or only
session-level?

Accuracy and Validation

Question

Yes — all three run in parallel on every
conversational turn

Yes — two-layer architecture, decoupled by
design

Six — each mapped to a specific next action

Both — 1-9 intensity per label, per turn

Per turn, in real time, no post-hoc averaging

ReadingMinds

How is training data labeled — speaker self-report or listener
perception?

Is the model continuously retrained with human review?

Is model version tracked per prediction for auditability?

Privacy and Data Handling

Question

Listener perception — the only auditable standard

Yes — disagreements between model and
reviewers feed back into training

Yes — every output is versioned; historical
predictions can be benchmarked

ReadingMinds

Are permanent voice recordings stored?

ReadingMinds.Al | Why Guess When You Can Know?

No — transcripts and emotion tags only

13



Are raw signal scores exposed to end users? No — only the final emotion label and intensity
reach the user

Is interview data used to train the vendor's models? No — customer data is never used for model
training

Can the vendor sign a DPA? Yes — available on request

Does the system handle Pl detection and automatic stripping? Yes — PIl detection is applied at the transcript
level

Business Utility

Question ReadingMinds

Does each emotion category map to a specific business action? Yes — see the six-emotion taxonomy table in
Section 5

Can results be traced back to individual quotes and conversation Yes — every emotion label is tied to the exact turn

moments? and customer quote
How quickly are results available after interviews complete? Immediately upon interview completion
Can the system run hundreds of interviews in parallel? Yes — fully cloud-native, no concurrency limits

If a vendor cannot answer every question above with specifics, ask why. The answers
reveal whether the system was designed for business decisions or academic research.
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THE UPSHOT

From Signal to Meaning

The ReadingMinds Emotional Fingerprint™ is not a sentiment score. It is a per-turn, multi-modal emotion
classification with calibrated intensity scoring, designed from the ground up for business decisions.

The two-layer architecture ensures that signal extraction and classification evolve independently. The
six-emotion taxonomy is chosen for action, not academic completeness. The intensity scale gives teams the
resolution to distinguish between a customer who is satisfied and a customer who is ready to expand.

Every output is traceable to a specific conversational turn, a specific quote, and a specific moment in the
interview. There is no black box. There is no averaged-out summary that hides what actually happened.

For technical buyers, the architecture is auditable, the models are interpretable, and the privacy design
minimizes data exposure by default. For business buyers, the output is simple: one emotion, one intensity, per
turn, with the customer's own words attached.

One emotion. One intensity score. Every turn. Traceable to the exact moment your
customer told you the truth: whether they knew it or not.
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ADDITIONAL RESOURCES

Additional Resources

Resource

Description

Live Test Drive

Example Report

Voice Al Buyer's Guide

NPS vs. Emotion Whitepaper

ReadingMinds Academy

Trust and Security

FAQ

Talk to Emma for 3 minutes and receive a cited emotion report.

See a real churn study with emotional signals, quotes, and verdicts.

Framework for evaluating voice Al research platforms.

Why single-number metrics miss what emotion scoring catches.

Four lessons on designing voice interviews that capture real emotion.

SOC 2, GDPR, HIPAA compliance details and security architecture.

Answers to common questions about features, privacy, and logistics.

ABOUT READINGMINDS

ReadingMinds.Al

ReadingMinds.Al is an Al-native voice research platform that turns customer
conversations into cited, decision-ready insights. Emma, an emotionally intelligent
Al interviewer, conducts natural voice interviews and classifies six core emotions

with real-time intensity scoring, producing the ReadingMinds Emotional Fingerprint.
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