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Abstract 
Acute psychiatric emergencies present critical challenges for emergency de-
partment clinicians, requiring rapid differentiation of psychosis, agitation, and 
cognitive disorganization to guide appropriate intervention. Current assess-
ment relies predominantly on clinical interview and behavioural observation, 
lacking objective biomarkers to support diagnostic decision-making under 
time constraints. We introduce a deep learning framework integrating natural 
language processing and neural network architectures to analyse speech fea-
tures during emergency psychiatric consultations. Our approach employs a do-
main-aware multi-scale convolutional neural network with cross-attention 
mechanisms for comprehensive speech feature analysis, alongside bidirec-
tional long short-term memory and transformer architectures for temporal 
pattern recognition. To enable controlled validation, we generated clinically 
informed synthetic speech datasets parameterized by established psycholin-
guistic markers reflecting neurobiological disturbances in acute psychiatric 
states. The multi-scale CNN achieved perfect discrimination between diagnos-
tic categories (accuracy = 1.000, AUC = 1.000, F1 = 1.000), while temporal 
models demonstrated robust classification of agitation versus cognitive disor-
ganization (accuracy > 0.980). Beyond classification, we provide interpretable 
pathway analyses through attention visualization and domain-specific feature 
importance mapping, facilitating inspection of candidate speech markers un-
derlying diagnostic differentiation. Finally, we outline essential barriers to clin-
ical deployment including synthetic-only validation, the necessity for real-world 
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multi-site validation across diverse emergency settings, and potential general-
ization challenges, proposing methodological steps required for robust integra-
tion into clinical decision support systems. This work constitutes a synthetic 
proof-of-concept study. All models were trained and evaluated exclusively on 
clinically parameterized synthetic data; no real patient speech was analysed. 
Results cannot be interpreted as evidence of clinical deployability and should 
not be presented as such. The framework establishes a reproducible methodo-
logical foundation for future validation on real emergency department speech 
recordings. 
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1. Introduction 

Acute psychiatric emergencies affect approximately 5% of all emergency depart-
ment visits and represent one of the most clinically challenging scenarios in med-
ical practice, with diagnostic uncertainty contributing to prolonged stays, inap-
propriate interventions, and adverse patient outcomes [1]. The rapid differentia-
tion of psychosis, severe agitation, and cognitive disorganization constitutes a fun-
damental emergency department dilemma: while these conditions require distinct 
therapeutic approaches antipsychotics for psychosis, de-escalation and benzodi-
azepines for agitation, and environmental management for cognitive disorganiza-
tion clinical presentations often overlap, and misclassification can lead to iatro-
genic harm [2]-[4]. Current emergency psychiatric assessment relies primarily on 
unstructured clinical interviews and rapid behavioural observation, lacking objec-
tive biomarkers to support diagnostic decision-making under the severe time con-
straints typical of emergency care [5]-[7]. 

From a neurobiological perspective, these three emergency presentations re-
flect distinct neural circuit dysfunctions that manifest in characteristic speech and 
language patterns. Psychosis emerges from dysregulated dopaminergic signalling 
producing formal thought disorder manifesting as tangentiality, loose associa-
tions, and neologisms in speech production [8]-[10]. Agitation reflects elevated 
noradrenergic and corticotropin-releasing hormone activity generating pressured 
speech, increased volume, and hostile content [11]-[13]. Cognitive disorganiza-
tion in delirium or severe affective states arises from cholinergic deficiency and 
widespread cortical dysfunction producing incoherent, fragmented speech with 
impaired semantic coherence [14]-[16]. These neurobiological distinctions sug-
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gest that computational analysis of speech patterns could provide rapid, objective 
diagnostic stratification in emergency settings. 

Recent advances in natural language processing and deep learning enable ex-
traction of complex, high-dimensional patterns from speech data that may elude 
traditional clinical assessment [17]-[20]. Multi-scale convolutional neural net-
works can learn hierarchical representations from speech feature vectors, captur-
ing distributed patterns of prosodic, lexical, syntactic, and acoustic markers that 
characterize distinct psychiatric states [21]-[24]. Similarly, recurrent architectures 
such as long short-term memory networks and transformer models can model 
temporal dependencies in speech production, potentially distinguishing acute 
presentations based on characteristic patterns of coherence degradation and lin-
guistic organization over time [25]-[28]. 

Despite these technological advances, application of deep learning to emer-
gency psychiatric speech analysis remains largely unexplored. Most existing stud-
ies focus on chronic schizophrenia or stable mood disorders rather than acute 
emergency presentations, and few have integrated multimodal speech analysis to 
capture both static linguistic features and dynamic temporal patterns that may 
jointly support diagnostic classification [29]-[32]. Our work extends this emerg-
ing literature by framing emergency psychiatric diagnosis as a multimodal pattern 
recognition problem, in which diagnostic category is encoded in the distributed 
spatial and temporal organization of speech production. 

This paper makes the following key contributions: 
1) Multimodal Speech Analysis Framework: We develop a deep learning pipe-

line integrating multi-scale convolutional neural networks with attention mecha-
nisms for comprehensive speech feature analysis in emergency psychiatric con-
sultations. 

2) Clinically Informed Synthetic Data Generation: We introduce psycholin-
guistically grounded synthetic data engines that produce realistic speech feature 
vectors with diagnosis-specific parameterization reflecting established findings in 
neurobiology of acute psychiatric states. 

3) Diagnostic Stratification Models: We propose separate but complementary 
models: a) a domain-aware multi-scale CNN for classifying psychosis, agitation, 
and cognitive disorganization from static speech features, and b) LSTM and trans-
former architectures for capturing temporal dynamics of speech coherence. 

4) Comprehensive Experimental Evaluation: We conduct extensive valida-
tion using train/validation/test splits, confusion matrices, ROC-AUC analysis, 
and attention-based interpretability for speech feature domains. 

5) Interpretable Clinical Pathway Analysis: We provide visualization and 
analysis techniques that expose candidate speech markers and linguistic patterns 
underlying diagnostic differentiation, facilitating clinical translation. 

This framework establishes a principled foundation for computational emer-
gency psychiatry and lays the groundwork for future clinically deployable decision 
support systems. 
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2. Related Work 
2.1. Emergency Psychiatric Assessment: Clinical Challenges 

The evaluation of acute psychiatric emergencies in emergency departments pre-
sents unique diagnostic challenges distinct from outpatient psychiatric assess-
ment. Time pressures, patient agitation, limited historical information, and high 
stakes for misclassification create conditions where clinical judgment alone may 
prove insufficient [33]-[35]. Observational studies suggest diagnostic disagree-
ment rates of 15% - 30% between emergency physicians and psychiatrists for acute 
presentations, with difficulty distinguishing agitation from emerging psychosis 
and identifying delirium masked by behavioural disturbance [36]-[38]. 

The consequences of diagnostic error in emergency settings are severe. Admin-
istration of antipsychotics to patients with delirium can worsen confusion and 
prolong hospitalization; benzodiazepines given to agitated psychotic patients may 
paradoxically increase behavioural decontrols; and failure to recognize delirium 
may delay treatment of underlying medical emergencies [39]-[41]. Current struc-
tured assessment instruments such as the Brief Psychiatric Rating Scale and Rich-
mond Agitation-Sedation Scale require trained raters and substantial time, limit-
ing utility in busy emergency departments [42]-[44]. 

2.2. Psycholinguistic Markers in Psychiatric Disorders 

Psycholinguistic research has identified numerous speech and language mark-
ers associated with psychiatric conditions. In schizophrenia and acute psycho-
sis, studies consistently report increased semantic incoherence, reduced syntactic 
complexity, abnormal prosody, and distinctive patterns of word association [45]-
[47]. Thought disorder measured through linguistic analysis correlates with func-
tional impairment and predicts long-term outcome, suggesting clinical utility be-
yond diagnosis [48]-[50]. 

Agitation and emotional arousal manifest in speech through increased rate, vol-
ume, and pitch variability, with content analysis revealing elevated hostility mark-
ers and reduced complexity [51]-[53]. Acoustic analysis has demonstrated ele-
vated fundamental frequency and formant dispersion in aggressive states, poten-
tially providing pre-linguistic indicators of behavioural escalation [54]-[56]. 

Cognitive disorganization in delirium and severe affective states produces 
characteristic linguistic patterns including semantic paraphasias, perseveration, 
and marked reduction in lexical diversity [57]-[59]. Temporal analysis reveals pro-
gressive coherence degradation over the course of conversation, distinguishing de-
lirium from psychiatric conditions with more stable presentation [60]-[62]. 

2.3. Natural Language Processing in Psychiatry 

Natural language processing has increasingly been applied to psychiatric assess-
ment, with machine learning demonstrating potential for diagnostic classification 
and symptom severity estimation [63]-[65]. In schizophrenia specifically, NLP 
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analysis of clinical interviews and spontaneous speech has achieved classification 
accuracies of 70% - 85% against healthy controls [66]-[68]. 

For emergency psychiatry, NLP applications remain limited. Most studies ex-
amine written clinical notes rather than direct speech analysis, and few address 
the acute presentations typical of emergency settings [69]-[71]. Recent work ap-
plying transformer models to emergency department psychiatric notes has shown 
promise for predicting admission and identifying high-risk presentations, but di-
rect speech analysis in emergency contexts remains largely unexplored [72]-[74]. 

2.4. Deep Learning for Speech Analysis in Healthcare 

Deep learning approaches to speech analysis have demonstrated success in neu-
rological and psychiatric applications. Convolutional neural networks operating 
on spectrograms have achieved robust classification of Parkinson’s disease, Alz-
heimer’s disease, and depression with accuracies exceeding 80% [75]-[77]. Recur-
rent architectures including LSTM and GRU networks have proven effective for 
modelling temporal dynamics in speech, capturing progressive changes associated 
with neurodegenerative conditions [78]-[80]. 

Transformer architectures, originally developed for natural language processing, 
have shown promise for speech emotion recognition and paralinguistic analysis 
[81]-[83]. The self-attention mechanism enables modelling of long-range depend-
encies in speech production, potentially capturing patterns of coherence degrada-
tion relevant to acute psychiatric assessment [84]-[86]. 

Despite these advances, no prior study has integrated multi-scale CNN analysis 
with temporal deep learning specifically for emergency psychiatric speech analy-
sis. Our work addresses this gap by developing a multimodal framework that lev-
erages complementary strengths of spatial feature extraction (CNN) and temporal 
modelling (LSTM/transformer) for rapid diagnostic stratification. 

3. Methods 
3.1. Synthetic Speech Dataset Generation 

To enable controlled evaluation and reproducible experimentation, we constructed 
clinically grounded synthetic datasets representing speech features during emer-
gency psychiatric consultations. Synthetic data generation allows systematic ma-
nipulation of psycholinguistic parameters while preserving realistic feature distri-
butions, providing a stable testbed for model development and validation [87]-
[91].  

Label Definitions. Four mutually exclusive diagnostic categories were used as 
classification targets. Control/Normal (label = 0): speech produced during psychi-
atric emergency assessment with no evidence of formal thought disorder, psycho-
motor agitation, or cognitive impairment; this class represents patients who pre-
sent in behavioural crisis but are assessed as not meeting criteria for the three 
pathological categories below. Psychosis (label = 1): acute psychotic presentation 
characterized by formal thought disorder including tangentiality, loose associa-
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tions, neologisms, and poverty of content arising from dysregulated dopaminergic 
signalling; operationally defined by BPRS conceptual disorganization subscale ≥ 
4 and clinician documentation of active psychotic symptoms. Agitation (label = 
2): acute behavioural agitation with pressured, high-intensity speech and elevated 
hostility markers, without primary thought disorder; operationally anchored to 
RASS score ≥ +2 or BPRS hostility subscale ≥ 4. Cognitive Disorganization (label 
= 3): incoherent, fragmented speech with severely impaired semantic coherence, 
perseveration, and marked lexical poverty, consistent with delirium or severe 
acute confusional state; operationally defined by CAM-ICU positive screen or 
equivalent clinician delirium rating. Although these four presentations overlap 
substantially in real emergency settings agitation frequently co-occurs with psy-
chosis, and delirium may present with behavioural agitation the synthetic gener-
ator treats them as mutually exclusive by design, which represents a key limitation 
of the current proof-of-concept. 

3.1.1. Speech Feature Domains 
We generated synthetic speech feature vectors of dimension 48, organized across 
five clinical domains reflecting established psycholinguistic research: 

Prosodic Features (8 dimensions): Fundamental frequency (mean and varia-
bility), speech rate, pause duration, intensity (mean and range), voice tremor, and 
prosodic flatness. These features capture emotional and arousal-related aspects of 
speech production mediated by autonomic and limbic circuits [92]-[94]. 

Lexical Features (12 dimensions): Word frequency rarity, abstract-concrete-
ness ratio, word association strength, semantic coherence, lexical diversity, repe-
tition rate, neologism count, word salad index, clang associations, poverty of con-
tent, circumstantiality, and tangentiality. These markers reflect thought organiza-
tion and semantic processing [95]-[97]. 

Syntactic Features (8 dimensions): Syntactic complexity, sentence length var-
iation, grammatical errors, incomplete sentences, word order disruptions, embed-
ding depth, syntactic coherence, and phrase fragmentation. These features capture 
grammatical organization and structural planning [98]-[100]. 

Discourse Features (12 dimensions): Topic maintenance, topic switches, global 
coherence, local coherence, reference clarity, inference demand, discourse mark-
ers, repair attempts, interruptions, response latency, turn-taking violations, and 
hostility markers. These reflect conversational pragmatics and interpersonal reg-
ulation [101]-[103]. 

Acoustic-Phonetic Features (8 dimensions): Jitter, shimmer, harmonics-to-
noise ratio, formant dispersion, voice breaks, breathiness, tension index, and res-
onance changes. These capture voice quality and phonatory control [104]-[106]. 

3.1.2. Signal Generation Process 
Each feature vector was constructed using a clinically informed generative process 
modelling distinct speech patterns across diagnostic categories. For control/nor-
mal speech (label = 0): balanced prosodic variation (intensity: 0.5 - 0.8 normal-
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ized), high semantic coherence (0.7 - 0.9), normal lexical diversity (0.6 - 0.8), com-
plex syntactic structure (0.6 - 0.8), coherent discourse maintenance (0.7 - 0.9), and 
stable acoustic parameters (0.4 - 0.7). 

For psychosis (label = 1): reduced prosodic variation (0.2 - 0.5) with inappro-
priate flatness, markedly reduced semantic coherence (0.2 - 0.4), elevated lexical 
disturbance including neologisms (0.6 - 1.0) and word salad (0.4 - 0.8), syntactic 
disorganization (0.2 - 0.4), poor discourse coherence (0.2 - 0.4) with elevated tan-
gentiality (0.6 - 0.9), and variable acoustic instability (0.3 - 0.8). 

For agitation (label = 2): elevated prosodic arousal (0.7 - 1.0) with increased rate 
and intensity, preserved semantic coherence (0.5 - 0.7) with reduced complexity, 
reduced lexical diversity (0.3 - 0.5) with elevated repetition (0.6 - 0.9), simplified 
syntactic structure (0.3 - 0.5), disrupted discourse with elevated interruptions (0.7 
- 1.0) and hostility (0.5 - 0.8), and tense voice quality (0.6 - 0.9). 

For cognitive disorganization (label = 3): inconsistent prosodic patterns (0.3 - 
0.7), severely impaired semantic coherence (0.1 - 0.3), reduced lexical diversity 
(0.3 - 0.5) with confused word selection, marked syntactic fragmentation (0.1 - 
0.3), severely incoherent discourse (0.1 - 0.3), and unstable acoustic parameters 
(0.2 - 0.6). 

Gaussian noise (σ = 0.15) was added to simulate natural variation in speech 
production. Final features were z-score normalized to ensure consistent distribu-
tions across samples. 

3.1.3. Dataset Composition 
The primary dataset comprised 2000 consultation samples (700 control, 500 psy-
chosis, 400 agitation, 400 cognitive disorganization), reflecting emergency depart-
ment prevalence with higher representation of normal assessments. The dataset 
was split into training (70%), validation (10%), and test (20%) sets using stratified 
random sampling. 

3.2. Deep Learning Architectures 
3.2.1. Multi-Scale Domain-Aware CNN (PsychiatricSpeechNet) 
We designed a multi-scale convolutional neural network integrating domain-spe-
cific processing with cross-attention mechanisms for comprehensive speech fea-
ture analysis. 

Domain-Specific Encoders: 
- Prosodic encoder: Linear (8 → 32) → LayerNorm → ReLU → Linear (32 → 32) 
- Lexical encoder: Linear (12 → 48) → LayerNorm → ReLU → Linear (48 → 48) 
- Syntactic encoder: Linear (8 → 32) → LayerNorm → ReLU → Linear (32 → 32) 
- Discourse encoder: Linear (12 → 48) → LayerNorm → ReLU → Linear (48 → 

48) 
- Acoustic encoder: Linear (8 → 32) → LayerNorm → ReLU → Linear (32 → 32) 
Cross-Domain Attention: Multi-head attention (8 heads, dropout 0.4) operat-

ing on concatenated domain features (192 dimensions) to model interactions be-
tween speech domains. 
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Convolutional Pathway: 
- Conv1D (1 → 64, kernel = 3) → BatchNorm → ReLU → MaxPool 
- Conv1D (64 → 128, kernel = 3) → BatchNorm → ReLU → MaxPool 
Multi-Scale Inception Module: 
- Parallel convolutions: 1 × 1 (32 channels), 3 × 3 (32 channels), 5 × 5 (32 chan-

nels), and pooled features (32 channels) 
- Concatenation to 128 channels with global average pooling 
Classification Head: 
- Concatenation of convolutional (128) and attention (192) features 
- Linear (320 → 256) → BatchNorm → ReLU → Dropout (0.4) 
- Linear (256 → 128) → BatchNorm → ReLU → Residual connection → Dropout 

(0.4) 
- Linear (128 → 4) → Softmax 
Total parameters: 2,847,236 

3.2.2. LSTM with Attention (LSTMAttentionNet) 
The LSTM model captures temporal dependencies in speech feature sequences: 

Feature Processing 
- Input: 48-dimensional feature vectors treated as sequence (batch, 1, 48) 
- Bidirectional LSTM: 2 layers, hidden size 128, dropout 0.3 
Attention Mechanism 
- Multi-head self-attention on LSTM outputs (8 heads) 
- Global average pooling across sequence 
Classification Head 
- Linear (256 → 128) → LayerNorm → ReLU → Dropout (0.3) 
- Linear (128 → 4) → Softmax 
Clarification of Prediction Tasks and Temporal Input. The four-class macro 

metrics in Table 1 are reported for the CNN (PsychiatricSpeechNet) only; the 
LSTM and transformer models were trained and evaluated on a binary agitation-
versus-cognitive-disorganization subtask, reflecting the most clinically conse-
quential diagnostic boundary in emergency triage. Their reported metrics in Ta-
ble 1 therefore reflect binary rather than four-class performance and should not 
be compared directly to the CNN’s four-class metrics. This distinction is clarified 
in the revised Table 1 header below. Regarding temporal dynamics: both the 
LSTM and transformer receive input of shape (batch, 1, 48) a single-timestep se-
quence in the current proof-of-concept implementation. This means neither ar-
chitecture exploits genuine temporal dynamics; the sequence dimension of length 
1 means the LSTM reduces to a single-step gated update and the transformer’s 
positional encoding carries no temporal information. The reported performance 
advantage of these models over traditional baselines therefore reflects their capac-
ity to learn non-linear feature interactions, not temporal modelling. In the in-
tended clinical deployment, the input would be a sequence of 48-dimensional fea-
ture vectors extracted at consecutive 5-second windows across a 2 - 5-minute con-
sultation segment, yielding sequences of length 24 - 60. The temporal architec-
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tures are designed for this multi-timestep setting; single-timestep evaluation in 
this proof-of-concept is a limitation requiring prospective data to address. 

 
Table 1. Model performance comparison. PsychiatricSpeechNet metrics: four-class macro-
average on held-out synthetic test set. LSTM and transformer metrics: binary agitation-
versus-cognitive-disorganization task. Metrics are not directly comparable across rows due 
to task difference. 

Model Accuracy Precision Recall F1-score AUC-ROC MCC 

PsychiatricSpeechNet 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 

LSTMAttentionNet 0.9980 0.9981 0.9980 0.9980 0.9998 0.9973 

TransformerPsychNet 0.9960 0.9962 0.9960 0.9960 0.9995 0.9947 

Random Forest 0.9625 0.9615 0.9625 0.9618 0.9892 0.9501 

SVM 0.9583 0.9578 0.9583 0.9576 0.9854 0.9444 

Gradient boosting 0.9708 0.9701 0.9708 0.9702 0.9918 0.9609 

Note: Metrics reported as macro-averages across four diagnostic classes. MCC = Matthews 
correlation coefficient. 

3.2.3. Transformer Architecture (TransformerPsychNet) 
The transformer model employs self-attention for global dependency modeling: 
Input Projection: Linear (48 → 128) 

Positional Encoding: Sinusoidal encoding added to projected features 
Transformer Encoder 
- 3 layers with 8 attention heads, feedforward dimension 512, dropout 0.3 
- Pre-norm residual connections 
Classification Head 
- Global average pooling across sequence 
- Linear (128 → 64) → ReLU → Dropout (0.3) 
- Linear (64 → 4) → Softmax 

3.3. Training Procedure 

Optimization 
- Optimizer: AdamW with weight decay 1 × 10−4 
- Learning rate: 1 × 10−3 with ReduceLROnPlateau scheduling 
- Batch size: 32 
- Epochs: 100 with early stopping (patience 15) 

Loss Function: Cross-entropy loss with class weighting to address distribution im-
balance: 

1

1 log
i i

N

y y
i

L W P
N =

= − ∑  

where, 
• N  = total number of training samples 
• iy  = true class label of sample i  
• 

iyp  = predicted probability for the true class iy  
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• 
iyw  = weight assigned to class iy  

• L  = weighted cross-entropy loss 
Regularization 
- Dropout: 0.3 - 0.4 across layers 
- Batch normalization after linear layers 
- Gradient clipping (max norm 1.0) 
- Early stopping based on validation loss 

3.4. Baseline Models 

For comparative evaluation, we implemented traditional machine learning ap-
proaches: 

Random Forest: 200 estimators, max depth 15, balanced class weighting. 
Support Vector Machine: RBF kernel, C = 10, gamma = “scale”, probability cal-

ibration. 
Gradient Boosting: 150 estimators, learning rate 0.1, max depth 5. 

3.5. Evaluation Metrics 

Performance was quantified using 
- Accuracy: Correct classifications/total samples 
- Precision: TP/(TP + FP) per class 
- Recall (Sensitivity): TP/(TP + FN) per class 
- F1-Score: Harmonic mean of precision and recall 
- AUC-ROC: Area under receiver operating characteristic curve (one-vs-rest 

macro-average) 
- Matthews Correlation Coefficient: Balanced measure for multiclass evaluation 
Given the clinical importance of identifying agitation and psychosis (avoiding 

false negatives for safety-critical conditions), we particularly emphasize recall for 
these classes. 

3.6. Interpretability Analysis 

Model interpretability was assessed through: 
Attention Visualization: Attention weight matrices from cross-domain and 

self-attention mechanisms visualized as heatmaps. 
SHAP Values: Shapley additive explanations for feature importance quantifi-

cation. 
Domain Contribution Analysis: Relative contribution of prosodic, lexical, syn-

tactic, discourse, and acoustic domains to classification decisions. 

3.7. Statistical Analysis 

Model comparisons utilized McNemar’s test for paired classification outcomes. 
Confidence intervals were calculated using 1000 bootstrap replications. All anal-
yses were performed using Python 3.9 with PyTorch 2.0, scikit-learn, and Captum 
for interpretability. 
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4. Results 
4.1 Dataset Characterization 

Before evaluating predictive performance, we verified that the synthetic dataset 
exhibits clinically meaningful structure and class-dependent variability. 

Visual inspection of feature distributions in Figure 1, reveals distinct pat-
terns across diagnostic categories. Control samples show tight clustering around 
normal values with balanced domain contributions. Psychosis samples exhibit 
marked divergence in lexical and discourse features with elevated tangentiality 
and reduced coherence. Agitation demonstrates distinctive prosodic and acoustic 
profiles with increased intensity and tension markers. Cognitive disorganization 
shows widespread impairment across syntactic and discourse domains with high 
variability. 

 

 
Figure 1. Dataset overview and feature distributions. (A) Class distribution reflecting emergency department prevalence; (B) Feature 
domain composition across 48 speech markers; (C) Correlation matrix of key psycholinguistic features; (D) Feature distributions 
by diagnostic category for selected discriminative markers. 

4.2. Model Performance Comparison 

All deep learning models achieved excellent classification performance, with the 
multi-scale CNN demonstrating marginally superior results. Table 1 presents 
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comprehensive performance metrics across all models. 
The multi-scale CNN achieved perfect classification on held-out test data, with 

all diagnostic categories correctly identified without confusion. Traditional ma-
chine learning approaches performed well but failed to achieve perfect separation, 
suggesting that the deep learning architecture was able to capture complex, non-
linear interactions among speech domains that simpler models could not detect. 
These findings are illustrated in Figure 2 below. 

 

 
Figure 2. Model performance comparison and diagnostic accuracy. (A) Accuracy comparison across all models with clinical thresh-
old indicated; (B) Confusion matrix for PsychiatricSpeechNet showing perfect classification; (C) ROC curves (macro-averaged) for 
deep learning models; (D) Top 15 feature importances from Random Forest baseline. 

4.3. Training Dynamics 

In Figure 3, training loss decreased smoothly over epochs with rapid convergence 
to near-zero values. Validation accuracy reached 100% by epoch 20 and remained 
stable throughout training. The absence of overfitting evidenced by maintained 
validation performance suggests the model learned robust, generalizable features 
rather than memorizing training examples. 

Per-class metrics demonstrate balanced performance across all diagnostic cat-
egories, with no systematic bias toward majority classes. This balance reflects the 
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effectiveness of class weighting and the architectural design emphasizing domain-
aware feature extraction. 
 

 
Figure 3. Training dynamics and clinical interpretability. (A) Learning curves showing training and validation loss convergence; 
(B) Per-class precision, recall, and F1-scores; (C) Feature domain contributions from attention mechanism analysis; (D) Clinical 
risk stratification visualization for emergency decision support. 

4.4. Interpretability Analysis 

Attention visualization reveals in Figure 4, clinically meaningful patterns. For 
psychosis classification, the model attends heavily to lexical features (tangential-
ity, word salad index) and discourse coherence. Agitation detection emphasizes 
prosodic features (intensity, speech rate) and hostility markers. Cognitive dis-
organization classification distributes attention across syntactic complexity and 
discourse maintenance features. 

Domain contribution analysis identifies lexical features (28% attention weight) 
and discourse features (25%) as primary drivers of classification, followed by 
prosodic (18%), syntactic (15%), and acoustic (14%) domains. This distribution 
aligns with clinical emphasis on thought disorder assessment in emergency psy-
chiatric evaluation. 

Feature importance analysis confirms that semantic coherence, syntactic com-
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plexity, speech rate, and hostility markers constitute the most discriminative in-
dividual features, consistent with established clinical assessment priorities. 
 

 
Figure 4. Advanced clinical analysis and model interpretability. (A) Class-specific attention patterns across feature domains; (B) 
Temporal speech dynamics showing semantic coherence over time; (C) Model calibration curves comparing predicted and observed 
probabilities; (D) Proposed clinical integration workflow for emergency department implementation. 

4.5. Error Analysis 

Given perfect classification performance, error analysis focused on examination 
of decision boundaries and near-miss cases in validation data. The model showed 
highest confidence (probability > 0.95) for clear-cut cases and appropriately cali-
brated uncertainty for samples near category boundaries. No systematic patterns 
of misclassification tendency were observed in validation monitoring. 

5. Discussion 
5.1. Principal Findings 

The multi-scale domain-aware CNN achieved perfect classification performance 
(AUC = 1.000) across all diagnostic categories, demonstrating the feasibility of 
computational speech analysis for emergency psychiatric diagnosis. This perfor-
mance substantially exceeds previously reported accuracies for automated psychi-
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atric speech analysis, likely reflecting both the architectural innovations specifi-
cally domain-aware encoding and cross-domain attention and the controlled na-
ture of synthetic data generation. 

The superiority of deep learning over traditional machine learning (accuracy 
1.000 vs. 0.971 for best baseline) indicates that complex, non-linear interactions 
between speech domains carry diagnostic information not captured by simpler 
feature combinations. The attention mechanism’s ability to weight domain con-
tributions dynamically based on input characteristics represents a particular ad-
vance over static feature engineering approaches. 

5.2. Clinical Implications 

If validated on real clinical data, this framework could support several emergency 
department applications: 

1) Rapid Diagnostic Screening: The model could analyse speech patterns during 
initial patient contact, providing objective probability estimates for diagnostic cat-
egories to guide clinical assessment. For patients with unclear presentations, this 
information could prompt targeted questioning or observation protocols. 

2) Triage Prioritization: Automated risk stratification could identify patients 
requiring immediate psychiatric evaluation versus those appropriate for extended 
observation or medical workup. The substantial accuracy advantage supports clin-
ically meaningful decision thresholds. 

3) Safety Monitoring: Continuous speech analysis during emergency department 
stay could detect deterioration or emergence of agitation, enabling pre-emptive 
intervention before behavioural escalation. 

4) Quality Assurance: Retrospective analysis of misclassified cases could iden-
tify systematic assessment failures and inform continuing education priorities. 

5.3. Comparison with Prior Work 

Previous speech analysis studies in psychiatry have focused primarily on chronic 
schizophrenia or stable outpatient conditions, achieving accuracies of 70% - 85% 
against healthy controls [107]-[109]. Our focus on acute emergency presentations 
and multiclass discrimination represents a distinct application domain. The per-
fect performance observed here exceeds prior reports, though this reflects syn-
thetic data characteristics rather than expected real-world performance. 

The domain-aware architecture with explicit modelling of prosodic, lexical, 
syntactic, discourse, and acoustic features extends prior work typically focusing 
on single feature categories [110]-[112]. The integration of cross-domain atten-
tion to model interactions between speech dimensions represents a novel contri-
bution with potential relevance for other clinical speech analysis applications. 

5.4. Limitations 

Synthetic-Only Validation: All experiments employed synthetically generated 
data. While designed to reflect realistic psycholinguistic patterns, synthetic data 
cannot capture the full complexity of clinical speech production including idio-
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syncratic expressions, cultural and linguistic variation, and comorbid conditions 
affecting communication. External validation on real emergency department re-
cordings is essential before clinical consideration. 

Deterministic Class Separation: The synthetic generation process created nearly 
deterministic class boundaries based on programmed parameter differences. Real 
clinical speech exhibits substantial overlap between diagnostic categories, and per-
fect separation is neither expected nor observed in clinical practice. We anticipate 
real-world performance in the range of 75% - 85% accuracy based on published 
studies of clinical speech analysis. 

Simplified Feature Representation: Our feature vectors reduce complex speech 
production to 48 dimensions. Real speech contains rich information in temporal 
dynamics, pragmatic context, and non-verbal vocalizations not fully captured by 
this representation. Future work should incorporate raw audio analysis and com-
plete linguistic transcriptions. 

Absence of Confounding Variables: Real clinical data includes numerous fac-
tors affecting speech production medication effects, medical comorbidities, fa-
tigue, substance intoxication that were not modelled. These factors substantially 
complicate pattern learning in real applications. 

5.5. Future Directions 

Real-World Validation: Priority should be given to validating these models on 
recorded emergency department consultations. Partnerships with emergency de-
partments and psychiatric crisis services could provide annotated datasets for ex-
ternal validation. 

Raw Audio Integration: Future architectures should incorporate end-to-end 
learning from raw audio waveforms, potentially capturing markers missed by en-
gineered features. Convolutional neural networks operating on spectrograms and 
wav2vec-style self-supervised pretraining represent promising directions. 

Multimodal Fusion: Integration of speech analysis with video-based behav-
ioural observation, vital signs, and electronic health record data could improve 
robustness and provide comprehensive assessment. Federated learning approaches 
may enable multi-site validation while preserving patient privacy [113]-[115]. 

Temporal Modelling: Extension to continuous monitoring during emergency 
department stay could track clinical evolution and predict deterioration. Online 
learning approaches would enable model adaptation to individual patient trajec-
tories. 

Interpretability Enhancement: While attention visualization provides insight, 
natural language generation of explanatory narratives could enhance clinical util-
ity by describing specific speech patterns contributing to classification decisions. 

6. Conclusion 

This study demonstrates the feasibility of deep learning-based speech analysis for 
emergency psychiatric diagnosis, achieving perfect classification of psychosis, ag-
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itation, and cognitive disorganization in controlled synthetic experiments. The 
multi-scale domain-aware architecture successfully integrates information across 
prosodic, lexical, syntactic, discourse, and acoustic domains, with attention mech-
anisms providing clinically interpretable decision pathways. While current results 
require validation on real clinical data, they establish proof-of-concept for com-
putational emergency psychiatry and motivate development of real-time decision 
support systems. The framework addresses a critical unmet need in emergency 
medicine: objective, rapid diagnostic stratification to guide appropriate interven-
tion for acutely disturbed patients. With prospective validation and integration 
into clinical workflows, deep learning analysis of speech patterns has potential to 
reduce diagnostic error, improve patient safety, and enhance efficiency in emer-
gency psychiatric care. This paper reports a synthetic proof-of-concept study in 
which all data were computationally generated and no real patient speech was an-
alysed. 
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