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Abstract

Patients with diverse neurocognitive conditions frequently exhibit measurable language deficits that serve as
biomarkers for differential diagnosis and therapy decision making. Discourse analysis can offer reliable ecological
measures of human communication, yet manual discourse analysis is cumbersome. Recent advances in automated
analysis software provide quick and easy extraction of raw language metrics in the clinic. Nevertheless, transforming
these measures into actionable clinical insights remains a significant challenge. The aim of this paper is to present
the Automated Language Biomarker Application (ALBA), an integrated framework developed within the Open Brain
Al ecosystem to bridge the gap between feature extraction and clinical interpretation. ALBA provides clinicians with a
robust statistical infrastructure to benchmark individual patient measures against standardized, large-scale clinical
corpora. By utilizing a shared elicitation and processing pipeline, the application ensures that user-provided data are
directly comparable to population norms for conditions including Aphasia, Mild Cognitive Impairment (MCI), Dementia,
and other neurological conditions. The system implements adaptive statistical logic, employing one-sample t-tests
and robust non-parametric alternatives to provide real-time significance testing and dynamic visualizations (box, bar,
and violin plots). By automating the comparison of "Language Signatures" against healthy controls and specific
clinical phenotypes, ALBA facilitates rapid, evidence-based decision-making in both research and rehabilitation
contexts.
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1. Introduction Although numerous research studies have re-
ported various linguistic measures (Themistocleous
Clinical discourse analysis has a long history in  and Stark, 2026; Varkanitsa et al., 2023; Kiran et al.,
assessment of neurogenic |anguage, especia”y 2019), the field currently lacks a unified framework
aphasia, because language-in-use, such as during  that enables clinicians to generate patient-specific
picture sequence description or narrative retells, of- ~ data and compare it with standardized measures
ten provides a more nuanced and complex picture derived through identical methodologies. As the
of a person’s linguistic ability than isolated tests of ~ need for clinical discourse analysis and its impor-
|anguage, such as confrontation picture naming. tance in eIiCiting rich and ecological measures of
While clinical discourse analysis evaluates linguis- human communication compared to other clinical
tic, propositional, macrostructural, and pragmatic  tasks becomes more pressing, providing such a uni-
aspects of discourse, many neurogenic populations  fied framework is an exceedingly important need.
struggle with foundational linguistic components.
As a result, language biomarkers have tended to
be derived from quantitative Ianguage measures This paper presents Automated Language
linked to specific clinical or developmental condi-  Biomarker Application (ALBA), a web-based tool
tions. Further, in practice, clinicians often extract for producing and Comparing clinical research out-
such measures, including part-of-speech counts,  comes with standardized measures. ALBA has
lexical rat-IOS, and Word-frequgncy distributions, -tO been deve|oped to serve as a data resource by
systematically assess and objectively score an in-  facilitating the presentation and comparison of au-
dividual’'s communicative ef‘ficacy (Bryant et al., tomatic measures generated by Open Brain Al, a
2016). clinical research platform and computational tool
However, interpreting these findings remains  designed for language assessment and analysis
challenging in the absence of reference corpora or  (Themistocleous, 2024). These measures origi-
standardized norms to facilitate comparative anal-  nate from both clinical tasks (e.g., cookie theft, Cin-
ysis. To bridge this gap, three primary objectives  derella story, story-telling, and story-retelling) as
must be met: the establishment of gold-standard  well as from large-scale text corpora. A key advan-
metrics, the adoption of shared elicitation method-  tage of ALBA is its flexibility: new language mea-
ologies, and the provision of accessible tools for  sures can be easily added or updated to accom-
the rapid comparison of results to support informed  modate emerging clinical conditions and evolving
clinical decision-making. research needs.
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2. Previous Research

Developmental or acquired neurocognitive condi-
tions can disrupt language and communication
in complex and heterogeneous ways, with impair-
ments often spanning expressive domains such
as phonology, morphology, syntax, semantics, and
lexical access (Themistocleous and Stark, 2026;
Varkanitsa et al., 2023; Kiran et al., 2019). While
some aspects of linguistic breakdown can be par-
tially predicted by lesion location or severity, the
relationship is far from deterministic due to the dis-
tributed and dynamic nature of language networks
in the brain. Discourse-level language analysis of-
fers a unique window into these impairments, cap-
turing subtle disruptions in coherence, cohesion,
informativeness, and pragmatic appropriateness
that are often missed by more constrained or mod-
ular assessments.

Through systematic quantification of expres-
sive language—particularly at the discourse
level—automated language measures can func-
tion as robust biomarkers, helping to characterize,
differentiate, and subtype various neurological con-
ditions, including left and right hemisphere stroke,
traumatic brain injury, mild cognitive impairment,
and dementia. These measures not only distin-
guish clinical populations from healthy controls but
also provide insight into the underlying cognitive
and communicative mechanisms affected in each
condition (Themistocleous and Stark, 2026).

To enable differential diagnosis and inform treat-
ment planning, language measures must be inter-
preted against well-characterized reference pop-
ulations or normative data, which provide essen-
tial context for distinguishing clinical profiles. Nor-
mative reference data are especially valuable in
identifying subtle but clinically meaningful lan-
guage changes in individuals with the mildest
forms of aphasia (e.g., latent aphasia), traumatic
brain injury, right hemisphere disorder, mild cogni-
tive impairment, or the earliest stages of demen-
tia—conditions where language impairments may
not be immediately obvious but are crucial to differ-
entiate from typical aging. While normative com-
parisons may be less critical for diagnosing more
overt or "frank" aphasias, they still provide mean-
ingful context for characterizing the specific pattern
and severity of impairment, guiding tailored treat-
ment approaches, and establishing a baseline for
tracking individual progress.

For clinicians, access to normative data can en-
hance decision-making in several key ways. (1)
To characterize the specific pattern and severity of
impairment, detailed language measures—such as
lexical diversity, syntactic complexity, or informative-
ness—can help phenotype aphasia presentations
beyond broad classifications like Broca’s or Wer-
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nicke’s aphasia. For instance, two individuals with
anomic aphasia may show similar naming deficits,
but one may produce overly vague narratives with
limited cohesion, while another struggles with syn-
tactic formulation—distinctions that are only visible
through discourse-level profiling against normative
benchmarks. (2) In guiding tailored treatment ap-
proaches, knowing which language domains are
disproportionately affected relative to healthy con-
trols can help clinicians prioritize intervention tar-
gets. For example, if a person with right hemi-
sphere damage demonstrates relatively preserved
syntax but poor global coherence, therapy can fo-
cus more on narrative structuring and pragmatic
use. (8) To establish a baseline, quantified lan-
guage data at intake provide a reference point for
monitoring individual progress over time, allowing
clinicians to track meaningful change in discourse
abilities, even if those changes do not shift the per-
son’s broad diagnostic category.

2.1. Traditional Discourse Analysis:
Time Consuming, Resource

Intensive, Lacking in Tools

Historically, discourse analysis in clinical and ed-
ucational settings has relied on manual annota-
tion, a process requiring granular characteriza-
tion of micro-structural features (linguistic and
propositional levels, e.g., lexical and sentence
level features) and macro-structural properties
(planning and pragmatic levels, e.g., global co-
herence/cohesion, thematic evolution, and topic
maintenance) (Paltridge, 2006). Although provid-
ing deep qualitative insights, manual analysis is
resource-intensive, requiring specialized linguistic
expertise and extensive labor for scoring (Hansen
et al., 2022; Cruice et al., 2020; Bryant et al., 2018),
and often clinicians and researchers cite these as
significant barriers preventing them from engaging
in discourse analysis. Consequently, traditional
diagnostic batteries have often been restricted to
narrow elicitations of measures from connected
speech productions and a substantial lack of stan-
dardization outputs (Stark et al., 2023).

2.2. Computational Tools

To address the limitations of manual scoring, sev-
eral software frameworks have emerged to auto-
mate linguistic feature extraction. The Computer-
ized Language Analysis (CLAN) system, part of the
TalkBank project, established the industry standard
by using the CHAT transcription format to calcu-
late morphosyntactic and lexical diversity measures
(MacWhinney). Similarly, the Systematic Analysis
of Language Transcripts (SALT) has become a clini-
cal staple for speech-language pathologists (SLPs),
focusing on standardized metrics like Mean Length



of Utterance (MLU) and error coding (Cunningham
and Haley, 2020; Fergadiotis, 2011).

The emergence of neural Natural Language Pro-
cessing along with end-to-end automated pipelines
for text processing are gradually finding their
way into the clinic (Tippett et al., 2025). Plat-
forms such as Open Brain Al (OBAI) (Themisto-
cleous, 2024) and automated tools like Batchalign
(Liu et al., 2023) have moved beyond keyword
counting to leverage Automatic Speech Recogni-
tion (ASR), Neural Morphosyntactic Tagging, and
Transdiagnostic Biomarkers. For example, Open
Brain Al can now extract hundreds of linguistic
biomarkers—ranging from acoustics to semantic
coherence—allowing for a “Language Biomarker”
that characterizes specific neurodegenerative or
developmental conditions. Such automated compu-
tational language measures are being to describe
the various language domains including and con-
tribute to the automatic patient identificatio, subtyp-
ing, and prognosis (Fraser et al., 2014; Kénig et al.,
2018; Themistocleous et al., 2021).

Modern automated Al tools typically generate
two distinct classes of linguistic measures, each
serving a unique function in clinical research. The
first class consists of interpretable biomarkers with
direct physical or clinical correlates. These mea-
sures are associated with specific pathologies; for
instance, deficits in function word ratios can indi-
cate agrammatism, while a reduced noun-to-verb
ratio may signal anomia (Themistocleous et al.,
2020). Because of their overt clinical interpretation,
these metrics are easily integrated into diagnostic
assessments and used to define specific therapeu-
tic targets.

The second class comprises latent represen-
tations, such as high-dimensional word and sen-
tence embeddings (Bengio and Heigold; Mikolov
et al., 2013). While these measures—often de-
rived from large-scale transformer models—Ilack
immediate transparency for clinicians, they serve
as highly robust predictors in supervised and un-
supervised classification tasks. Both types of mea-
sures are essential: while interpretable features
provide the "why" for clinical intervention, latent
embeddings often provide superior accuracy for
automated screening and condition subtyping.

2.3. From Extraction to Interpretation

Despite the proliferation of tools designed to ex-
tract linguistic data from discourse, a critical gap
remains in the interpretation of the interpretable
language biomarkers within a clinical time-frame.
Although existing software provide raw counts or
ratios, the burden of statistical comparison often
falls on the clinician, who must manually reference
published norms or reference datasets. Our ap-
plication, ALBA (https://openbrainai.com/
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measures), is integrated directly within the Open
Brain Al ecosystem and addresses this limitation
by providing a robust statistical infrastructure that
bridges the gap between computational measures
and clinical decision-making.

First, it utilizes large-scale normative measures
for mitigating the impact of individual linguistic id-
iosyncrasies (Stark and Fukuyama, 2021). Histor-
ically, the use of standardized corpora has been
foundational to clinical and psychological research.
Early efforts relied on general-purpose datasets,
such as the Brown Corpus in English and the Sprak-
banken Text to establish baseline word frequencies
and lexical expectations (Francis and Kucera, 1982;
Forsberg et al., 2025). Large-scale collections are
critical because they define the boundaries of "nor-
mal" linguistic variation, accounting for the vast di-
versity in human speech influenced by age, educa-
tion, and cognitive health. Without large, validated
datasets, researchers and clinicians are unable to
determine if a patient’s performance represents
a pathological deficit or simply a point within the
tail of typical variation. Language measures from
large-scale normative datasets are thus essential
for mitigating the impact of individual linguistic id-
iosyncrasies serving as benchmarking data for the
scores elicited in the clinic.

ALBA aggregates measures derived from stan-
dardized corpora, offering an interactive environ-
ment where practitioners can empirically determine
the degree of divergence between their specific
patient data and established population norms.
Specifically, by benchmarking against HCs clini-
cians can quantitatively assess whether a patient’s
linguistic profile falls within a normative range. Fur-
thermore, it allows for differential comparisons
across a spectrum of neurological conditions, in-
cluding LHD, RHD, TBI, MCI, and dementia.

Secondly, ALBA’s integration with Open Brain Al
ensures methodological consistency by enabling a
direct comparison between clinician-elicited mea-
sures and standardized benchmarks, both of which
are processed through the same computational
pipeline. This homogeneity eliminates cross-
platform variance and enhances interpretative ac-
curacy substantially.

3. The ALBA User Interface

The interface of the (ALBA) application shown in
Figure 1 is designed for clinical intuition and re-
search rigor. The architecture is divided into two
primary functional zones:

The Configuration Sidebar (Left Panel) facilitates
the parameterization of the analysis. Users can se-
lect the specific elicitation task (e.g., the Cinderella
story-retell), the category of linguistic measures
(lexical, phonological, morphological, syntactic, or
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Figure 1: Interface of the Linguistic Biomarkers
Application (ALBA). The left hand area allows the
selection of the corpus, the category of linguistic
measures (e.g., lexical, phonological, morphologi-
cal, syntactic, semantic) and the language group
(healthy controls, patients with different conditions).
The main area includes the statistical interface that
provides a score with a p-value on whether the
measure provided by clinicians is the same or dif-
ferent from the one in the visible corpora based on
statistical analysis (see Statistical Methodology).
Users can selected different visualization options
and view descriptive statistics as a table.

semantic), and the target clinical cohorts for com-
parison (e.g., Healthy Controls vs. various Aphasia
subtypes).

The Analytical Dashboard (Main Panel) consti-
tutes the central workspace features, an interactive
statistical comparison tool. Upon entering a pa-
tient’s score, the system dynamically calculates
and reports a p-value and a formatted APA-style
narrative indicating whether the individual’s per-
formance significantly diverges from the selected
reference corpora (see Statistical Methodology).

To support diverse interpretative needs, the main
panel offers multiple visualization modalities, includ-
ing box plots, bar charts with standard deviation
error bars, and density-style violin plots. Below
the visual representations, a comprehensive Refer-
ence Statistics Table provides metadata—including
sample sizes, medians, Interquartile Ranges (IQR),
and pre-computed normality indicators—ensuring
full transparency of the underlying normative data.
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4. Methodology

4.1. Data

A flattened relational schema designed for rapid
client-side parsing generated from an earlier study
(Themistocleous and Stark, 2026) using Open
Brain Al from TalkBank data (MacWhinney) is uti-
lized as the primary dataset.

4.2. Statistical Methodology

To maintain high system performance and low la-
tency, ALBA utilizes a hybrid decision engine for
statistical test selection. Rather than performing
resource-intensive computations on raw transcripts
(&N > 600) at the client level, the system utilizes pre-
computed distributional metadata. These data cor-
respond to a unique combination of Task, Diagno-
sis, Linguistic Variable with eleven foundational met-
rics. Central Tendency and Dispersion (i.e., Mean,
Standard Deviation (SD), and Median), Distribu-
tion Geometry (i.e., Min, Max, and the Interquar-
tile Range (Q1,Qs3)), Inferential Metadata (Pre-
computed Shapiro-Wilk p-values (P_Shapiro) and
Fisher-Pearson skewness coefficients (Skewness),
which inform the automated IsNormal flag).

4.3. Test Selection Criteria

The application evaluates each linguistic variable
against two primary assumptions:

1. Parametric Path: If the reference distribution is
pre-validated as normal via the Shapiro-Wilk
test (p > .05) or meets the Central Limit The-
orem criteria (n > 30 with low skewness), a
one-sample t-test is performed.

Non-Parametric Path: If the distribution ex-
hibits significant skewness (|u — M| > 0.1pu)
or fails normality testing, the system automati-
cally employs a one-sample Wilcoxon signed-
rank approximation based on the median and
Interquartile Range (IQR).

4.4. Parametric Comparison

When the normality criteria are met, the system
calculates a one-sample t-test to determine if the
user value significantly differs from the reference
mean (u). The t-statistic is calculated as:

K — Tobserved individual score

SE
where the Standard Error (SE) is defined as:

t= (1)

7
vn
The p-value is then derived from the t-distribution
with df = n — 1 degrees of freedom.

SE = )



4.5. Non-Parametric Comparison

For the non-normally distributed pathological
speech data in the standardized datasets, the sys-
tem employs a non-parametric approach utilizing
the Wilcoxon Signed-Rank test. For a single user-
prOVided observation (xobserved individual sco'r'e)a we
evaluate the probability of observing a value at least
as extreme as Tobserved individual score given the ref-
erence median (M) and the distribution of ranks.
The test statistic W is calculated as:

n
W = E Sgn(a:,» — Tobserved individual scm‘e) (3)
=1

In our implementation, the system approximates
the p-value by determining the percentile rank of
Lobserved individual score within the reconstructed dis-
tribution of the reference group.

The application automatically generates a clinical
explanation of the output following the Publication
Manual of the American Psychological Association
(7th ed.) standards.

4.6.

The statistical engine is implemented using the jS-
tat library, allowing for real-time, client-side com-
putation. This ensures low latency and enhances
user privacy, as the comparative value ., re-
mains local to the user’s browser.

To provide immediate clinical intuition, the sys-
tem overlays the user’s value onto the population
distribution using a dynamic reference line across
three visualization modes Box Plots, Bar Charts
with Significance Feedback. The user interface
provides a “Significant” (red) or “Similar” (green)
status based on an alpha level of o = 0.05.

Implementation and Visualization

5. Conclusion

In this paper, we presented the Automated Lan-
guage Biomarker Application (ALBA), an integrated
statistical interface designed to bridge the gap be-
tween automated linguistic feature extraction and
clinical interpretation. By situating ALBA within
the Open Brain Al ecosystem, we have created
an accessible workflow that converts isolated lan-
guage discourse measures into actionable "Lan-
guage Biomarkers." The contribution of this work
is three-fold. First, we demonstrate how modern Al
pipelines can be coupled with clinical resources like
TalkBank to automate discourse analysis. Second,
ALBA provides quick and easy statistical compar-
isons of clinical measures, distinguishing between
typical linguistic variation and significant patholog-
ical deficits and within different conditions based
on the available data. Third, by providing real-time,
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dynamic visualizations and automated significance
testing, the application lowers the barrier to entry
for evidence-based biomarker screening in busy
clinical environments.

Future work will focus on integrating cross-
linguistic norms to support the transdiagnostic as-
sessment of multilingual populations. Ultimately,
ALBA represents a step toward a more objec-
tive, reproducible, and computationally-informed
approach to speech and language pathology.

6. Data Availability

The raw linguistic transcripts used to derive the
normative benchmarks in ALBA are sourced from
the AphasiaBank and other clinical repositories
within the TalkBank system (MacWhinney et al.,
2011). Access to these raw data is governed by the
TalkBank clinical data-sharing agreement, which
requires researcher registration to protect patient
confidentiality. Access to the aggregated refer-
ence measures (means, standard deviations, and
deciles) for all 290 linguistic biomarkers across
healthy and clinical cohort in the supplementary ma-
terial as a machine-readable csv file and a stable
URL to the ALBA interface are provided in https:
//openbrainai.com/measures clinical use.
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