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Introduction

Delirium is a syndrome characterized by an acute change in 
mental status, marked by inattention and global cognitive 
dysfunction.1,2 As many as 50% of older adults (aged ≥ 75 yr) 
ex perience delirium in the hospital setting, which is associ
ated with increased morbidity, mortality and resource util
ization.1,3–6 Delirium is a leading cause of iatrogenic complica
tions — such as falls, incontinence and pressure ulcers — that 
lead to longer hospital stays and higher rates of hospital dis
charge to a skilled nursing facility and institutionaliza
tion.1,5,7,8 In addition, delirium is associated with hospital 
mortality of 25%–33% and annual health care expenditures of 
up to $152 billion in the United States.9,10 One of the most 
common and deleterious consequences of delirium is the 
devel opment of longterm cognitive decline and new demen
tia.1,2,11 Delirium is associated with a 12fold increased risk for 
newonset dementia.12,13

Currently, 75% of delirium in the hospital setting goes un
diagnosed.14–18 Barriers to diagnosis include varied clinical 
presentation,1,2,19 underuse and inaccurate use of screening 
tools20,21 and difficulty distinguishing delirium from pre 
existing cognitive impairment.14,19,22 Failure to diagnose delir
ium prevents implementation of effective mitigation strat
egies (e.g., identification or treatment of underlying cause, 
safety precautions, nonpharmacologic management), which 
leads to poor clinical outcomes.1,2,11,15,16 Although many mo
lecular and imaging measures have been investigated as 
 potential biomarkers for diagnosis of delirium, these ap
proaches are invasive and inefficient, requiring blood draws 
and specialized equipment and expertise to interpret.12,23–25 
Therefore, a noninvasive, costeffective and timely biomarker 
is urgently needed to improve detection of delirium.

Assessing speech and language disturbances could be 
informa tive for improving detection of delirium, but has not 
been adequately explored. Disturbance in language is among 
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Background: Delirium is a critically underdiagnosed syndrome of altered mental status affecting more than 50% of older adults admitted 
to hospital. Few studies have incorporated speech and language disturbance in delirium detection. We sought to describe speech and 
language disturbances in delirium, and provide a proof of concept for detecting delirium using computational speech and language fea
tures. Methods: Participants underwent delirium assessment and completed language tasks. Speech and language disturbances were 
rated using standardized clinical scales. Recordings and transcripts were processed using an automated pipeline to extract acoustic and 
textual features. We used binomial, elastic net, machine learning models to predict delirium status. Results: We included 33 older adults 
admitted to hospital, of whom 10 met criteria for delirium. The group with delirium scored higher on total language disturbances and in
coherence, and lower on category fluency. Both groups scored lower on category fluency than the normative population. Cognitive dys
function as a continuous measure was correlated with higher total language disturbance, incoherence, loss of goal and lower category 
fluency. Including computational language features in the model predicting delirium status increased accuracy to 78%. Limitations: This 
was a proofofconcept study with limited sample size, without a setaside crossvalidation sample. Subsequent studies are needed be
fore establishing a generalizable model for detecting delirium. Conclusion: Language impairments were elevated among patients with 
delirium and may also be used to identify subthreshold cognitive disturbances. Computational speech and language features are promis
ing as accurate, noninvasive and efficient biomarkers of delirium.
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the diagnostic criteria of delirium, as listed in the Diagnostic 
and Statistical Manual of Mental Disorders, Fifth Edition, but there 
is no guidance on the specific language domains that are af
fected or how these language deficits should be measured.26 In 
addition, although a few delirium screening tools (e.g., Delir
ium Rating Scale–Revised–98) mention the evaluation of lan
guage, there are no standardized criteria for identifying or 
quantifying these impairments.27 Disturbance in language is 
not required for the diagnosis of delirium, but it has potential 
to improve delirium detection. Only a handful of studies have 
systematically examined speech in this context, likely because 
of the difficulty of achieving standardized and reliable assess
ments in the hospital setting.26,28–30 An assessment of 100 adult 
patients with delirium found that language impairment, as 
measured by the Delirium Rating Scale–Revised–98, was iden
tified in more than half of participants.28 In a 1994 study that 
compared 13 patients with an acute confusion state and 11 pa
tients with probable Alzheimer disease, unrelated misnamings 
and perseverations were found more frequently among those 
with acute confusion state.29 Lastly, in a case–control study of 
45 patients (15 with delirium, 15 with dementia without delir
ium and 15 with no cognitive impairment), those with delir
ium scored lower on conversational and written conversational 
assessment and performed worse on written comprehension 
tests than patients with no cognitive impairment, which was 
likely related to visual misperceptions.30

In other neuropsychiatric disease areas, artificial intelli
gence and machine learning have been leveraged to identify 
clinically relevant speech biomarkers. Automated speech 
analysis uses computerized algorithms to extract informa
tion from the textual and acoustic elements of speech (i.e., 
what is said and how it is delivered). Acoustic signals per
taining to how speech sounds (e.g., pitch, voicing duration v. 
pausing) can be extracted directly from the audio record
ings, typically sampled at 100 frames per second.31 Speech 
can also be transcribed either automatically or using human 
annotators, then analyzed using natural language processing 
(NLP) methods.32,33 For example, automated computer algo
rithms can label, then count, the use of different parts of 
speech, or identify and quantify the use of emotional words. 
The organization and flow of speech can also be quantified 
using graph analysis or by measuring the distances among 
word embeddings, which are multidimensional numerical 
representations of the meaning of each word.34

For example, machine learning models have used compu
tational speech features to classify participants with Alz
heimer disease versus healthy volunteers and also to predict 
onset of Alzheimer disease with accuracy and area under the 
curve greater than 0.8.33,35–37 In schizophrenia, where speech 
disturbances have been described in detail and captured with 
a variety of standardized clinical scales,38–40 NLP features 
were shown to be more sensitive to subtle variations in 
speech than goldstandard clinical measures.41 However, ob
jective quantification of speech and language disturbances in 
delirium has not been thoroughly explored.

We sought to systematically characterize speech and lan
guage disturbance among older adults in hospital with and 
without delirium, to evaluate cognitive dysfunction in this 

population as a continuous measure in relation to speech and 
language disturbance and to explore whether computational 
speech features could be used to detect delirium.

Methods

Participants

We recruited older adults (aged ≥ 75 yr) from 3 medicine (non
telemetry) units at a quaternary academic hospital in the New 
York metropolitan area. This study was focused on delirium, so 
we excluded patients with documented history of dementia in 
the electronic health record (EHR), as well as other causes of 
cognitive dysfunction. We excluded patients with an acute intra
cranial event (e.g., cerebrovascular accident, transient is chemic 
attack, subdural hemorrhage, subarachnoid hemorrhage); those 
who were critically ill or actively dying; those admitted to the 
surgical service; those unable to participate because of lethargy; 
patients with a history of dysarthria, aphasia or traumatic brain 
injury; those with acute serious psychiatric illness (e.g., schizo
phrenia, bipolar disorder, treatmentresistant depression); and 
those with moderate or severe intellectual disability. Additional 
inclusion criteria were English fluency and ability to provide 
consent, as evaluated by passing the consent quiz.

Research assistants screened the EHR for eligible patients. 
The research assistant approached the nurse to verify inclu
sion and exclusion criteria for eligible patients. Once con
firmed, the research assistant approached the patient and 
conducted a quiz to assess capacity for consent by confirming 
that they understood the informed consent and research pro
cedures. For patients with capacity to consent for research 
and who agreed to participate, the research assistant ob
tained written consent and initiated the assessment.

Assessment measures

Demographics and clinical characteristics
We obtained demographics and clinical history primarily 
from the EHR, including age, sex, race, ethnicity, marital 
stat us, residence before admission, admitting diagnosis and 
Modified Early Warning Score (MEWS). This score — com
prising systolic blood pressure, heart rate, respiratory rate, 
temperature and responsiveness — determines the degree of 
the patient’s acute illness.42 Patient interview–based clinical 
measures included baseline functional status (activities of 
daily living),43 education level (personal and parental years 
of completed education, starting from first grade), presence 
of secondary languages; current or previous occupation.

Delirium assessment
Trained research assistants completed delirium assessments, 
and a single expert in delirium (L.S.) completed ratings to 
avoid issues with interrater reliability. These ratings were com
pleted while blinded to the speech and language ratings and 
results. Delirium assessment measures included orientation 
(person, place and time), 3item recall, the Confusion Assess
ment Method (CAM) long form44 and the Richmond Agitation 
and Sedation Scale.45 In addition to direct patient interview 
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and observation, the research assistant asked the bedside 
nurse to think of their assessment during their shift and an
swer a series of questions. Is there evidence of an acute change 
in mental status from the patient’s baseline (acute onset)? Does 
the patient display abnormal behaviour that fluctuates during 
the day; that is, did it tend to come and go or increase or de
crease in severity (fluctuating course)? Does the patient have 
any evidence of perceptual disturbances, such as hallucina
tions, illusions or misinterpretations (e.g., thinking something 
was moving when it was not) (perceptual disturbances)? 
Does the patient have evidence of disturbance of the sleep–
wake cycle, such as excessive daytime sleepiness with insom
nia at night (altered sleep–wake cycle)? The delirium expert 
based scores on the final CAM long form on the recording of 
the delirium assessment, the research assistant’s documenta
tion of the CAM long form and nursing responses. Each pa
tient was classified as positive or negative for delirium based 
on the presence of feature 1 (acute onset or fluctuating course), 
feature 2 (inattention) and either feature 3 (disorganized think
ing) or feature 4 (altered level of consciousness). In addition, 
we calculated a total severity score based on the CAM long 
form’s severity scale (CAMS).46 For the purpose of this study, 
cognitive dysfunction was represented by the CAMS score as 
a continuous dimensional construct.

Language assessments
We collected audio recordings for openended prompts 
(4  narratives and 1 picture description task), a paragraph 
reading and fluency tasks. Human annotators completed 
verbatim transcriptions using EUDICO Linguistic Annotator 

(ELAN),47,48 which included determination of intuitive utter
ance boundaries based on pauses and syntax, as well as 
marking dysfluencies such as incomplete words, restarts, 
repetitions. A single expert rater (S.X.T.) gave each partici
pant subjective ratings for speech and language disturbances 
to avoid issues with interrater reliability. These ratings were 
completed based on recorded speech while blinded to the 
delirium status of the participant. Ratings were drawn from 
the Scale for the Assessment of Thought Language and 
Communication (TLC),38 as well as 2 complementary items 
from the Scale for the Assessment of Negative Symptoms 
(Table 1).49 These scales were developed for assessment of 
speech disturbance related to psychiatric disorders and 
cover a broad range of symptoms, from underproductive to 
disorganized or superfluous speech. We chose these meas
ures because they have good psychometric properties and 
for the breadth of speech and languagerelated symptoms 
captured. To our knowledge, there is no validated scale for 
assessing different dimensions of language disturbance in 
delirium. Further details on the language assessments are in
cluded in Appendix 1, available at https://www.jpn.ca/
lookup/doi/10.1503/jpn .230026/tabrelatedcontent.

Data analysis

Computational speech and language features
We processed recordings and transcripts separately for each 
task using an automated pipeline to extract acoustic (pros
ody and voice quality, speaking tempo, pauses) and textual 
features (semantic coherence, dysfluencies and speech errors, 

Table 1: Computational speech and language features*

Modality Measures Final feature set

Speech quantity or 
dysfluencies

Partial words, repeated words, repeated segments, NLTK stop 
works, neologisms, speech errors (any), restarts, filled pauses, 

total words

Total speech errors (growing up narrative and paragraph 
reading); restarts (spending time narrative), filled pauses (family 

narrative), filled pauses (spending time narrative), total words 
(picture description), total words (category fluency)

Parts of speech Adjectives, adpositions, adverbs, auxiliaries, coordinating 
conjunctions, determiners, interjections, nouns, numbers, 

particles, pronouns, proper nouns, punctuation, subordinating 
conjunctions, symbols, verbs

Adjectives (picture description), adverbs (openended tasks), 
determiners (family narrative and spending time narrative), 

interjections (picture description), numbers (family narrative), 
particles (openended tasks), symbols (openended tasks)

Tempo or pauses Total speech duration, speech duration per turn (mean and SD), 
speech duration per segment (mean and SD), average turn 
latency, speaking rate (mean, SD, min, max), pause length 

(mean, SD, min, max), short pause length (mean, SD), pause 
length variability (mean, SD)

Speech duration (fluency tasks), average turn latency (paragraph 
reading), SD of speech duration per segment (about yourself 

narrative), variability in short pause length (growing up narrative), 
SD in pause variability (paragraph reading)

Voice quality or 
prosody

Mean pitch f0 (mean, SD), pitch variability (mean, SD), mean jitter 
(mean, SD), jitter variability (mean, SD), mean shimmer (mean, 

SD), shimmer variability (mean, SD)

Mean of jitter variability (paragraph reading), SD of mean jitter 
(phonemic fluency)

Semantic coherence Mean sentence embedding cosine distances using GloVe, LSA 
and Word2Vec techniques (mean, minimum, maximum); TFIDF 

sentence embedding cosine distances using GloVe, LSA and 
Word2Vec techniques (mean)

Mean cosine distances among TFIDF sentence embeddings 
from Word2Vec (all tasks), maximum cosine distances from 

mean sentence embeddings from GloVe (picture description)

Lexical 
characteristics

Age of acquisition, prevalence, semantic diversity, valence, 
arousal, dominance

Semantic diversity (fluency tasks), prevalence (spending time 
narrative)

f0 = fundamental frequency; GloVe = Global Vectors for Word Representation; LSA = latent semantic analysis; NLTK = natural language tool kit; SD = standard deviation; TFIDF = term 
frequency–inverse document frequency. 
*Each measure was computed separately for the 4 narrative tasks, picture description, paragraph reading, and 2 fluency tasks, and as aggregate measures for the openended tasks, 
fluency tasks and across all tasks. Because little variability was expected, we omitted partsofspeech and semantic coherence measures for the fluency and paragraph reading tasks, as 
well as lexical characteristics for the paragraph reading task. The final feature set (26 measures) is listed for each modality after excluding features without trendlevel correlation with the 
total Confusion Assessment Method Severity Score (p < 0.10) and highly redundant measures.
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lexical characteristics, parts of speech, speech quantity). 
Details on the automated pipeline are described in 
Appendix 1. We initially generated 73 features for each task, 
as well as aggregate measures for the openended re
sponses, fluency tasks and all tasks, for a total of 684 speech 
features (Table 1). We excluded acoustic features on a task
bytask basis when recording quality was poor (primarily 
because of high background noise). For the prediction 
model ling, we imputed missing data with permuted mean 
matching using the mice package in R;50 for group compari
sons, we omitted missing data. To lower the likelihood of 
overfitting and to reduce the feature space, we first selected 
only features that showed at least a trendlevel correlation 
with the total CAMS score (p <  0.10), then visually in
spected correlation plots to remove highly redundant fea
tures. The final feature set included 26 measures.

Statistical analysis and machine learning
We compared groups using analysis of variance for continu
ous variables (age, MEWS and ratings for the CAM long form 
and TLC) and the χ2 test for categorical variables (sex, race, 
ethnicity). We standardized category fluency totals with re
spect to normative data for older adults based on age group 
and education level.51 We used 1sided t tests to compare flu
ency totals from this sample to population norms. We calcu
lated Spearman coefficients to assess the correlations for clin
ical language measures with delirium and illness severity 
measures. To account for age, sex and illness severity in the 
correlations between clinical speech and language ratings 
with cognitive dysfunction, we used multiple linear regres
sions with 1 covariate at a time. Hypothesis testing was based 
on 2tailed tests with an α of 0.05.

We used binomial, elastic net regression models to predict 
delirium status (positive v. negative for delirium) with 10fold 
internal crossvalidation (i.e., training the model on 90% of the 
data and predicting results in the remaining 10%, 10 times). We 
determined average accuracy and κ statistics for the 10fold 
crossvalidations. A final model was constructed for the overall 
data set, and was used to report feature loadings and the con
fusion matrix for the full sample. We did not create a setaside 
test set because of the limited sample size and because the aim 
of this study was to produce a proof of concept that computa
tional language features are promising biomarkers for delir
ium, not to create a generalizable, predictive classifier. There 
are no standard power analyses for this type of analysis, but 
given the sample size, we caution against overinterpreting the 
specific predictors or model outcomes. We chose the elastic net 
regression method because it is suitable for small samples with 
relatively larger numbers of predictors, and it is able to accom
modate collinear predictors and generates a reduced set of pre
dictors with numerical loadings. We used the caret package of 
R to conduct model training and testing.52

Ethics approval

All eligible participants provided informed consent, and study 
procedures were approved by the institutional review board at 
the Feinstein Institutes for Medical Research (210568NSUH). 

Results

We included 33 participants, of whom 10 met criteria for 
delirium and 23 did not (Table 2). Because all partici
pants had to be capable of providing consent for this 
study, none of them had marked cognitive dysfunction, 
and none had been identified by their clinical treatment 
team as having delirium. Participants were admitted for 
a range of medical concerns, and 8 patients were 
 prescribed either opiates or benzodiazepines during 
their admission.  Appendix 1, Table 1, provides details on 
admitting diagnoses and use of medications in greater 
detail, but given the sample size, a more detailed analy
sis of underlying diagnoses and medications was not 
possible. 

As expected, the group that was positive for delirium 
had a significantly higher total CAMS score (p < 0.001, 
Cohen d = 4.32). There were no significant differences in 
age, sex, race, ethnicity or MEWS score between the 
groups. Figure 1A illustrates group differences for total 
TLC score and 8 individual TLC items that had an overall 
prevalence of greater than 20% in the sample. The delir
ium group scored significantly higher on total TLC score 
(p = 0.05, Cohen d = 0.81) and the TLC item for incoher
ence (p = 0.001, Cohen d = 1.41). In addition, there was a 
trend for higher loss of goal, defined as wandering off 
topic and failing to follow a chain of thought to its conclu
sion (p = 0.05, Cohen d = 0.80), and higher global language 
disturbance (p = 0.07, Cohen d = 0.73). Participants with 
delirium also scored significantly lower on the category 
fluency task than those without delirium (p = 0.02, 
Cohen d = –0.97), and both groups scored lower than the 
normative population (p < 0.001, Cohen d = –1.22 for those 
without delirium; p < 0.001, Cohen d = –2.20 for those with 
delirium) (Figure 1B).

Clinical ratings for speech and language disturbance and 
associations with cognitive dysfunction

Cognitive dysfunction as a continuous measure (CAMS 
score) was significantly correlated with several clinical 
meas ures of speech and language disturbance. As a di
mensional measure of cognitive dysfunction and delirium 
severity, higher total CAMS score was correlated with 
higher total TLC score (r = 0.41, p = 0.02), higher incoher
ence (r = 0.58, p < 0.001), higher loss of goal (r = 0.36, p = 
0.04) and lower category fluency (r = –0.41, p = 0.02) 
 (Figure 1C). Each of these relationships remain significant 
even when covarying for age, sex, education and MEWS 
score, with the exception of loss of goal covaried with 
edu cation (p = 0.052). Appendix 1, Figure 1, further details 
the dimensional relationship between cognitive dysfunc
tion severity (CAMS score) and clinical measures of lan
guage disturbance. These correlations appear to be spe
cific to cognitive dysfunction and were not present for 
general illness severity as there were no significant correl
ations between speech and language measures and the 
MEWS score.
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Using computational speech and language features to 
 detect delirium diagnosis

Delirium status was predicted with demographics alone, 
demo graphics and clinical speech ratings, demographics and 
computational speech features, or all of these. Model par 
ameters and performance are detailed in Table 3. Overall, the 
model with demographics and computational speech features 
performed best, classifying delirium status with an average ac
curacy of 78% (10fold crossvalidation, κ 0.4, area under the 

curve 0.90). In the final model, all 23 participants without delir
ium were correctly identified, as were 8 of the 10 participants 
with delirium. With regard to feature loadings, the presence of 
delirium was most highly predicted by speech errors during 
paragraph reading, transcribed symbols (including punctua
tion, restarts and incomplete words) in the openended narra
tives, use of determiners in the family narrative task and 
seman tic diversity (ambiguity) of words given during the flu
ency tasks. Absence of delirium was most highly predicted by 
filled pauses during the family narrative task (e.g., “um,” 

Table 2: Participant characteristics and clinical ratings for speech disturbance

Variable

No. (%) of patients*

p value Cohen d
Without delirium

n = 23
With delirium

n = 10
Total

n = 33

Age, yr, mean ± SD 82.7 ± 5.9 84.1 ± 6.3 83.1 ± 5.9 0.53 0.25

Sex, female 15 (65) 4 (40) 19 (58) 0.18

Race 0.06

   Black 4 (17) 0 (0) 4 (12)

   Other 1 (4) 3 (30) 4 (12)

   White 18 (78) 7 (70) 25 (76)

Hispanic ethnicity 0 (0) 1 (10) 1 (3) 0.13

MEWS, mean ± SD 4.3 ± 0.9 4.0 ± 0.7 4.2 ± 0.9 0.42 –0.32

CAM severity score, mean ± SD 0.9 ± 1.1 5.3 ± 1.0 2.2 ± 2.3 < 0.001 4.32

Speech ratings, mean ± SD

   SANS 6 — Lack of vocal inflection 0.87 ± 1.06 0.80 ± 1.23 0.85 ± 1.09 0.87 –0.06

   SANS 11 — Increased latency 0.22 ± 0.60 0.20 ± 0.63 0.21 ± 0.60 0.94 –0.03

   TLC 1 — Poverty of speech 0.30 ± 0.70 0.70 ± 0.82 0.42 ± 0.75 0.17 0.55

   TLC 2 — Poverty of content of speech 0.43 ± 0.79 0.80 ± 0.79 0.55 ± 0.79 0.23 0.48

   TLC 3 — Pressure of speech 0.17 ± 0.39 0.40 ± 0.84 0.24 ± 0.56 0.29 0.42

   TLC 4 — Distractible speech 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 – –

   TLC 5 — Tangentiality 0.57 ± 0.99 1.00 ± 1.15 0.70 ± 1.05 0.28 0.43

   TLC 6 — Derailment 0.09 ± 0.42 0.40 ± 0.70 0.18 ± 0.53 0.12 0.63

   TLC 7 — Incoherence 0.13 ± 0.34 1.00 ± 1.05 0.39 ± 0.75 0.001 1.41

   TLC 8 — Illogicality 0.09 ± 0.29 0.10 ± 0.32 0.09 ± 0.29 0.91 0.05

   TLC 9 — Clanging 0.09 ± 0.29 0.00 ± 0.00 0.06 ± 0.24 0.35 –0.37

   TLC 10 — Neologisms 0.13 ± 0.34 0.40 ± 0.70 0.21 ± 0.48 0.15 0.58

   TLC 11 — Word approximations 0.09 ± 0.29 0.00 ± 0.00 0.06 ± 0.24 0.35 –0.37

   TLC 12 — Circumstantiality 0.48 ± 0.85 0.80 ± 1.03 0.58 ± 0.90 0.36 0.37

   TLC 13 — Loss of goal 0.13 ± 0.34 0.50 ± 0.71 0.24 ± 0.50 0.05 0.80

   TLC 14 — Perseveration 0.57 ± 0.79 0.60 ± 0.84 0.58 ± 0.79 0.91 0.04

   TLC 15 — Echolalia 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 – –

   TLC 16 — Blocking 0.22 ± 0.60 0.30 ± 0.67 0.24 ± 0.61 0.73 0.14

   TLC 17 — Stilted speech 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 – –

   TLC 18 — Selfreference 0.35 ± 0.71 0.60 ± 0.97 0.42 ± 0.79 0.41 0.33

   TLC global score 0.65 ± 0.78 1.20 ± 0.79 0.82 ± 0.81 0.07 0.73

   TLC total score 5.91 ± 6.93 12.40 ± 10.73 7.88 ± 8.64 0.05 0.81

Fluency tasks, mean ± SD

   Category total (animals) 11.43 ± 5.41 6.90 ± 2.96 10.06 ± 5.20 0.02 –0.97

   Phonemic total (fletter) 6.96 ± 4.34 5.30 ± 4.57 6.45 ± 4.41 0.33 –0.80

CAM = Confusion Assessment Method Long Form; MEWS = Modified Early Warning Score; SANS = Scale for the Assessment of Negative Symptoms; SD = standard deviation; TLC = 
Scale for the Assessment of Thought Language and Communication.
*Unless indicated otherwise.
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Figure 1: Relationships between delirium and clinical speech measures. (A) Group effects for delirium status and clinical ratings of speech disturbance 
on the Scale for the Assessment of Thought Language and Communication (TLC), including total score and individual items that had a total preva
lence greater than 20% in this sample; TLC scores are normalized within the current sample. (B) Group effects for category fluency scores (number of 
animals listed in 1 min). Fluency scores were normalized with respect to population norms for the participants’ age group and educational level. 
(C) Spearman correlations between speech measures, delirium severity (total Confusion Assessment Method [CAM] Severity Score [CAMS]) and ill
ness severity (Modified Early Warning Score [MEWS]). IQR = interquartile range. *p < 0.05, **p < 0.01, ***p < 0.001.
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Table 3: Prediction of delirium status*

Predictor set
Accuracy, 

% κ

Positive predictors Negative predictors Confusion matrix

Variable Coefficient Variable Coefficient TP FP TN FN

Demographic 
variables only

69 0 Male sex 0.39 MEWS –0.23 1 0 23 9

Age 0.27 Education level –0.20

White race –0.12

Demographic 
variables and 
clinical speech 
ratings

78 0.3 Male sex 0.05 3 0 23 7

Incoherence 0.73

Demographic 
variables and 
computational 
speech 
features

78 0.4 Total speech errors in paragraph 
reading

0.72 Filled pauses in family narrative  –0.27 8 0 23 2

Symbols in openended narratives 0.46 Adverbs in openended tasks –0.27

Determiners in family narrative 0.39 Numbers in family narrative –0.23

Semantic diversity in fluency tasks 0.38 Adjectives in picture description –0.19

Average turn latency in paragraph 
reading

0.19 Variance in mean vocal jitter in 
fluency tasks

–0.12

Lexical prevalence in spending 
time narrative

0.16 Variance in speech duration in 
about yourself narrative

–0.09

Variation in short pause duration 0.09 Determiners in spending time 
narrative

–0.03

Male sex 0.09 Maximum semantic similarity of 
glove embedding in picture 

description

–0.03

Speech duration in fluency tasks 0.02

Particles in openended narratives 0.005

Interjections in picture description 0.004

Age 0.003

Restarts in spending time narrative 0.002

Demographic 
variables, 
clinical 
language 
ratings and 
computational 
speech 
features

75 0.25 Total speech errors in paragraph 
reading

0.27 Adverbs in openended 
narratives

–0.15 7 0 23 3

Incoherence 0.21 Filled pauses in family narrative –0.12

Semantic diversity in fluency tasks 0.20 Variance in mean vocal jitter in 
fluency tasks

–0.10

Determiners in family narrative 0.19 TFIDF semantic similarity with 
Word2Vec embeddings for all tasks

–0.08

Symbols in openended narratives 0.19 Variance in speech duration in 
about yourself narrative 

–0.08

Loss of goal 0.14 Numbers in family narrative –0.07

Lexical prevalence in spending 
time narrative

0.08 Word approximations –0.06

Average turn latency in paragraph 
reading

0.08 Determiners in spending time 
narrative

–0.06

Variation in short pause duration 0.08 Maximum semantic similarity of 
glove embedding in picture 

description

–0.06

Male sex 0.07 Adjectives in picture description –0.05

Derailment 0.04 Clanging –0.04

Global TLC score 0.04 Filled pauses in spending time 
narrative

–0.02

Particles in openended narratives 0.02 Total words in picture description –0.02

Variance in SD of pause lengths in 
paragraph reading

0.02 MEWS –0.01

Speech duration in fluency tasks 0.002

Age 0.001

FN = false negative; FP = false positive; MEWS = Modified Early Warning Score; SD = standard deviation; TFIDF = term frequency–inverse document frequency; TLC = Scale for the 
Assessment of Thought Language and Communication; TN = true negative; TP = true positive.
*Binomial, elastic net regression models were trained with 10fold crossvalidation. Average accuracy and κ statistics are shown for the 10fold crossvalidations (predicting 10% of the 
data using a model trained on the remaining 90%, repeated 10 times). Confusion matrix refers to classification results using the final model on the whole sample.
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“uh”), use of adverbs in openended narratives, use of adjec
tives during the picture description, and variance in jitter (fluc
tuations in voice amplitude) during fluency tasks.

Discussion

There is an urgent need for a noninvasive and efficient diag
nostic biomarker to detect delirium, a common, deleterious 
and underdiagnosed syndrome that affects more 50% of 
older adults admitted so hospital. Our study aimed to pro
vide a proof of concept for using computational speech and 
language features as diagnostic biomarkers by systematically 
characterizing the degree and nature of speech and language 
disturbances in delirium from a clinical perspective, evalu
ating cognitive dysfunction as a continuous measure and, 
final ly, predicting delirium using computational speech and 
language features. We found that delirium status and a di
mensional measure of cognitive dysfunction were related to 
several domains of speech and language disturbances, as
sessed through standardized clinical ratings. In addition, we 
found that computational speech and language features con
tribute to the detection of delirium diagnosis among older 
adults in the hospital setting.

As reflected by comprehensive standardized clinical 
 ratings, the group with delirium was significantly more in
coherent, had higher total symptoms of language disturb
ances, and scored lower on a category fluency task than the 
group without delirium. There was also a trend toward 
greater tendency to wander offtopic. These results were gen
erally consistent with those of previous studies that detected 
several areas of language disturbance in delirium.28–30 Green 
and colleagues30 compared 3 cohorts of 15 patients with delir
ium, dementia or no cognitive impairment — one of the only 
systematic studies of domains of language dis turb ance 
among patients with delirium — and found that participants 
with delirium were more likely to speak on irrelevant ma
terial, which is similar to our finding of a trend toward in
creased loss of goal. Other items related to going off topic 
were also rated higher in the group with delirium, but did 
not reach statistical significance (e.g., tangentiality, circum
stantiality, derailment). Green and colleagues30 also found 
that participants with delirium spoke fewer words in a pic
ture description task, which may be related to our finding of 
significantly lower scores among those with delirium on the 
category fluency task. In our sample, poverty of speech was 
also rated higher on average in the group with delirium. 
 Although we also found higher incoherence in this group, 
Green and colleagues30 did not find significant differences in 
related measures of grammatical and semantic irregularities. 
The variations that exist in these findings are very likely re
lated to the limited sample sizes of both  studies. Altogether, 
patients with delirium reliably show clin ically detectable lan
guage disturbances. These disturbances are likely to present 
in multiple domains, including going off topic or deviating 
from the logical focus of conversation.

As a continuous dimensional measure of cognitive dys
function, we also found significant correlations between the 
CAMS score and total language disturbances, incoherence, 

loss of goal, and lower scores on the category fluency task. 
This effect appears to be specific to the CAMS score and 
not overall illness severity because no such correlations 
exist ed when comparing the MEWS with clinical ratings of 
speech and language disturbance. Moreover, we found 
that, not only did the group with delirium score lower on 
category fluency than the group without delirium, but both 
groups scored lower than published norms for age and 
educationmatched healthy controls. These findings are 
consistent with previous literature describing subclinical 
cognitive dysfunction that does not meet criteria for delir
ium but nevertheless results in clinically detectable 
changes in cognition, speech and language.53 To our 
knowledge, there has not been any description of speech 
and language disturbance in subclinical cognitive dysfunc
tion among older adults admitted to hospital. The func
tional and clinical outcomes for such changes should be 
further explored. In particular, these findings suggest that 
speech and language features could detect subthreshold 
cognitive dysfunction, which may have longterm conse
quences for posthospital functioning.

Automated speech analysis is a promising direction of in
vestigation because these methods have the potential to 
generate objective and sensitive speech biomarkers that can 
be collected in a noninvasive, costeffective and timely man
ner. A fully automated process is achievable, whereby pa
tients can speak into a simple recorder or smartphone and 
computerized algorithms can analyze acoustic and textual 
characteristics to produce objective, digital biomarkers at 
the point of care. We found that speech samples could be 
feasibly collected at the bedside for older adults in hospital. 
The recordings were then processed using an automated 
pipeline that measured the sound and content of patient 
speech. When incorporated into machine learning algo
rithms, these computational speech and language features 
(combined with demographic variables) improved the ac
curacy of delirium detection, compared with demographic 
variables and general illness severity measures alone or 
demo graphics and clinical language ratings. Values of the κ 
statistic were fair and were modestly higher when the com
putational speech features were added to the clinical ratings 
(0.4 v. 0.3).54 The current model should only be considered a 
proof of concept and needs optimization and validation be
fore clinical implementation. The generalizability of our 
findings needs to be confirmed with a larger sample and 
across multiple sites. However, our results do suggest that 
computational speech and language features have the po
tential to serve as accurate and efficient biomarkers for de
tecting delirium.

The use of computational speech analysis in the diagnosis 
of delirium has practical clinical applications. Of interest, 
none of the patients had delirium documented in their EHR, 
which means that the machine learning algorithms were 
able to detect cases of delirium that were not evident to clin
ical treatment teams. In the realworld, delirium is missed in 
more than 75% of cases; even when standardized screening 
tools are used, their sensitivity at the bedside is less than 
50%.55 Failure to diagnose delirium prevents implementation 
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of effective mitigation strategies (i.e., identification or treat
ment of underlying cause, safety precautions and non
pharmacologic management), which leads to poor clinical 
outcomes. Therefore, computational speech and language 
biomarkers could be used for timely detection of delirium 
and the implementation of management strategies to im
prove patient outcomes. 

Limitations

This was a proofofconcept study, leaving many additional 
questions to be answered. At this stage, findings regarding 
individual features cannot be generalized with confidence. 
Given that language depends on education, cultural back
ground and other sociological factors, and may also vary 
with underlying disease, articulatory functions, time points 
of examination and sedating medications, future studies in 
more specific and larger samples are needed, with more de
tailed clinical characterization to determine the most sensi
tive and specific parameters to be applied as biomarkers in 
delirium. Therefore, the next step is to determine whether 
the results can be replicated in a larger sample, across sites 
and time points, and whether there are important variations 
for people of different sexes, genders, races and socio
economic backgrounds, and from different geographic re
gions. From a machine learning perspective, separate set
aside training and testing samples need to be incorporated. 
Future studies should also benchmark the speech and lan
guage disturbances against more formal, performance
based cognitive testing. Additional computation features re
lated to idea density and speech organization can also be 
introduced to improve the accuracy of delirium detection. 
Although we excluded participants with a documented 
hist ory of dementia before hospital admission, some may 
have been experiencing cognitive decline before admission. 
As delirium presents at a higher rate in dementia, and is as
sociated with accelerated cognitive decline among patients 
with preexisting cognitive impairment, future studies using 
speech and language disturbance must assess pre 
admission cognitive status and the interaction between de
mentia and delirium. Lastly, as this was a pilot study with 
limited resources, only patients who were able to provide 
consent were included, which likely led to the inclusion of 
predominantly mild delirium (as seen by the CAMS 
scores). Although this limits the generalizability of our find
ings to all patients with delirium, patients with more severe 
delirium presentations are likely to have even more pro
nounced speech and language disturbance, not less. There
fore, we expect that our findings likely underestimate the 
prevalence and severity of speech and language disturb
ances in delirium. Future studies need to include partici
pants with a wide range of delirium severity. The use of 
 single raters for the TLC and CAMS allowed us to circum
vent issues of interrater reliability, and each of the raters are 
experts in their field; however, it is unclear how well the 
ratings would generalize across sites. Therefore, future 
studies should also include multiple sites and a more for
mal process to assess the reliability of ratings.

Conclusion

We applied standardized clinical rating scales for speech and 
language disturbance and found significant language 
disturb ances among participants with delirium. These find
ings were in line with previous studies, but we applied a 
more systematic and detailed approach to evaluating indi
vidual speech and languagerelated symptoms. Using auto
mated speech analysis to generate computational speech and 
language features, we were able to detect the presence of de
lirium with greater accuracy than using demographics and 
general illness severity alone or in combination with clinical 
language disturbance ratings. Although molecular and im
aging measures have been investigated as potential biomark
ers for delirium diagnosis, these approaches are invasive and 
inefficient, requiring blood draws and specialized equipment 
and expertise to interpret. We find that computational speech 
and language biomarkers may be promising as accurate, non
invasive and efficient biomarkers for detecting delirium.
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