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Abstract

Background: Cognitive decline in nursing homes is often under-recognized. Access to specialized neuropsychological assessments,
which involve detailed evaluations of how the brain influences behavior and thinking, is often limited. In this study, we examined the
feasibility of administering an ecological reading task, involving reading activities that imitate real-life situations, in a real-world nursing
home setting. We also explored whether reading-derived linguistic metrics and measures of language use during reading, along with an
eye-tracking component that monitored participants’ eye movements, were associated with cognitive impairment. Methods: This cross-
sectional observational pilot study included 60 nursing home residents aged 65 years or older, classified as either cognitively impaired
(CI, n = 30) or healthy control (HC, n = 30) based on neuropsychological profiles and clinical evaluations. All participants completed
the Mini-Mental State Examination (MMSE), Repeatable Battery for the Assessment of Neuropsychological Status (RBANS), Frontal
Assessment Battery (FAB), Geriatric Depression Scale (GDS), Barthel Index, and Cognitive Reserve Index questionnaire (CRIq). The
reading task involved reading aloud a 177-word Italian passage followed by eight comprehension questions. Primary outcomes were
total reading errors (TRE), total comprehension errors (TCE), and words per minute (WPM). Eye-tracking data (Gazepoint GP3, 60
Hz) were available for a subsample with usable calibration and validation data (CI: n = 26; HC: n = 24). Analyses included descriptive
comparisons, covariate-adjusted generalized linear models, receiver operating characteristic (ROC) analyses, and partial Spearman cor-
relations. Results: All 60 participants completed the task. Usable audio recordings were obtained for everyone, and usable eye-tracking
data were available for 50 participants. The CI group showed higher TRE and TCE, lower WPM, and longer reading times compared
with the HC group. In models adjusted for gender, age, education, GDS, Barthel Index, and CRIq, TCE showed the strongest association
with CI status (odds ratio [OR] = 11.108, 95% CI 2.662–246.186, p = 0.024), and TRE was also associated with CI status (OR = 1.238,
95% confidence interval [CI] 1.054–1.629, p = 0.045). ROC analyses showed high areas under the curve (AUCs) for TCE (0.982),
TRE (≈0.95), and audio-based WPM (0.936). In the eye-tracking subsample, timing-related measures also showed good discrimination
(AUC = 0.960 for eye tracking [ET]-WPM; 0.942 for ET-Total Reading Time), whereas conventional first-order oculomotor metrics
did not differ significantly between groups. Conclusions: An ecological reading task was feasible within a nursing home setting. It
generated reading-derived linguistic metrics linked to cognitive impairment and broader cognitive-functional status. Measures related to
comprehension, overall reading error load, and reading speed were shown to be useful as digital linguistic markers.
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1. Introduction
1.1 Clinical Context and Significance

Population aging is a major demographic trend [1].
Italy ranks second, behind Japan, and is among Europe’s
longest-lived countries [2,3]. This shift has serious conse-
quences for healthcare systems. Advancing age raises the
risk of multimorbidity, including neurocognitive disorders
[4]. Alzheimer’s disease (AD), the leading cause of demen-
tia, is marked by progressive cognitive, functional, and be-
havioral decline, and is a major cause of disability [5]. The
latest World Alzheimer Report estimates that over 50 mil-
lion people worldwide have dementia, a number expected
to triple by 2050 [6]. Mild cognitive impairment (MCI),
a transitional state between normal aging and dementia, is
also common and may progress over time [7,8]. Early iden-

tification of cognitive decline is crucial, as it enables timely
intervention, preserves abilities, and improves the lives of
older adults and caregivers [9].

This issue is especially important in nursing homes,
where residents are often frail and medically complex, and
at increased risk of cognitive deterioration [10]. Earlier
recognition of cognitive decline in these settings can sup-
port more timely, personalized care planning and facilitate
non-pharmacological interventions, such as cognitive stim-
ulation and computerized training [11]. Early detectionmay
also reduce adverse events related to unrecognized decline,
wandering, falls, and agitation, which increase staff burden
and care costs in residential facilities [12,13]. Progression
from MCI to dementia further raises care needs and super-
vision requirements, affecting staffing and resource alloca-
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tion in nursing homes [14]. However, cognitive impairment
in institutionalized older adults often goes unrecognized,
and early detection can be harder than in traditional clinical
contexts [15]. Thus, digital markers, including linguistic
and eye-trackingmetrics, have been proposed as promising,
sensitive, non-invasive tools for detecting subtle cognitive
changes in neurodegenerative disorders [16,17].

1.2 Existing Evidence and Research Gaps

Reading is a highly complex cognitive task that in-
volves the coordinated integration of perceptual, linguistic,
and executive processes [18]. Although reading paradigms
are commonly used in eye-movement research, the existing
evidence on aging and cognitive impairment remains varied
and should be interpreted carefully [19,20].

Previous studies suggest that reading aloud may re-
main relatively intact in some individuals with mild AD,
even when comprehension is impaired. Single-case ob-
servations by Ripamonti et al. [21] support this dissoci-
ation. Martínez-Nicolás et al. [22] also found that AD
patients could accurately read words without necessarily
understanding their meanings. The same study indicated
that detailed temporal measures of reading fluency, such
as speed and pausing, might more sensitively distinguish
early AD from asymptomatic controls than broader global
assessments, such as the Mini-Mental State Examination
(MMSE). Education level and cognitive reserve could also
influence performance [23].

Evidence from eye-tracking studies is similarly
mixed. A meta-analysis by Moreno et al. [24] showed that
healthy older readers tend to have longer fixation durations,
more regressions, and longer overall reading times than
young adults, suggesting decreased efficiency despite pre-
served basic reading ability. In clinical populations, Lueck
et al. [25] observed slower reading and altered oculo-
motor behavior in patients with probable mild-to-moderate
AD, including longer fixations, more forward saccades, and
more regressions. However, saccade duration was similar
to that of healthy controls. More recent multimodal stud-
ies further suggest that lexical difficulty may significantly
influence oculomotor behavior. For example, Shah et al.
[26] reported that high-difficulty words elicited more atyp-
ical gaze patterns in AD than in MCI or control partici-
pants, whereas low-difficulty words provided less informa-
tion. Similarly, Groznik et al. [27] found that cognitively
impaired participants read more slowly and with more ir-
regularity. Nonetheless, they concluded that a short reading
task was better suited for a broader assessment battery than
as a standalone test.

Overall, these findings indicate that measures derived
from reading can provide valuable insights into study out-
comes. However, substantial methodological differences
across reading tasks, clinical classifications, oculomotor
metrics, eye trackers, and data collection protocols limit di-
rect comparisons between studies and hinder practical ap-

plication. Evidence is particularly limited among nursing
home populations, where ecological constraints, participant
frailty, and concerns about data quality complicate feasibil-
ity and interpretation.

1.3 Rationale for the Proposed Approach

Reading aloud with comprehension is a complex and
ecologically meaningful behavior. It depends on the inte-
gration of perceptual, lexical, phonological, semantic, at-
tentional, and executive processes. Therefore, reading is a
valuable task for detecting cognitive decline, as measured
by accuracy, comprehension, and efficiency. Established
cognitive models inform the present study of reading and
comprehension. Dual-route word recognition models, such
as the Dual Route Cascaded model [28], help interpret read-
ing accuracy and error patterns through lexical and sublexi-
cal processing. Construction–integration accounts of com-
prehension, such as Kintsch’s model [29], support our un-
derstanding of comprehension performance in terms of se-
mantic integration, working memory, and executive con-
trol. Models of eye movement control, such as E-Z Reader
[30], provide a foundation for considering oculomotor in-
dices as markers of online lexical and attentional process-
ing. In this study, E-Z Reader is used solely as a theoreti-
cal reference for the eye-tracking component. A schematic
appears in Supplementary Fig. 1. No model fitting or pa-
rameter estimation was performed. Instead, the study was
conducted as part of the CogET project, which investigates
language and cognition in nursing home residents. The
approach combines neuropsychological assessments with a
reading task supported bymultimodal recordings, including
audio and, when possible, eye-tracking. Reading-derived
linguistic performance measures were selected as primary
outcomes because of their low burden, ecological valid-
ity, and direct links to reading accuracy, comprehension,
and fluency. Eye-tracking was added as an additional ex-
ploratory process measure.

1.4 Objectives and Hypotheses

The objectives of this cross-sectional pilot study were
fourfold. First, we aimed to assess the feasibility of admin-
istering an ecological reading task in a nursing home, in-
cluding task completion, audio recording acquisition, eye-
tracking calibration and validation, and the proportion of
usable recordings. Second, we aimed to compare the cogni-
tively impaired (CI) and healthy control (HC) groups on pri-
mary reading outcomes, such as total reading errors (TRE),
total comprehension errors (TCE), and words per minute
(WPM), as well as secondary outcomes like Total Reading
Time and specific error types. Third, we sought to evaluate
how well reading-derived measures distinguish between CI
and HC groups. Fourth, we aimed to examine the relation-
ships between reading-derived measures and neuropsycho-
logical, functional, affective, and cognitive reserve mea-
sures. Given the feasibility-focused and exploratory nature
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of this pilot study, we did not predefine directional hypothe-
ses for all outcomes. Instead, we focused on estimating fea-
sibility parameters, between-group differences, discrimina-
tive ability, and covariate-adjusted associations. The results
will help guide the design of future confirmatory studies.

2. Materials and Methods
2.1 Design and Participants

The study followed STROBE checklist guidelines and
is part of the CogET project, pre-registered on the Open Sci-
ence Framework (OSF DOI: https://doi.org/10.17605/OSF.
IO/VG3TD). Data collection occurred from June to De-
cember 2025. Recruitment used a convenience sampling
strategy, considered appropriate for exploratory and pilot
studies [31].

Participants were permanent residents of the Saint
George nursing home in Cavallermaggiore, Cuneo, Italy.
Inclusion criteria were: (a) age 65 years or older; (b) resi-
dence in the nursing home at the time of recruitment; and
(c) ability to read a standard Italian text displayed on a com-
puter screen. Exclusion criteria were: (a) a documented
neurological or psychiatric disorder other than mild cog-
nitive impairment or Alzheimer’s disease; (b) a history of
epilepsy; (c) uncorrected visual impairment or ophthalmo-
logical conditions interfering with eye tracking; and (d) in-
ability to provide informed consent. All participants had
normal or corrected-to-normal vision and were able to un-
derstand and complete the experimental tasks.

A total of 60 participants were enrolled, comprising
30 healthy controls and 30 older adults with CI of vary-
ing severity. The group assignment was determined based
on the overall neuropsychological profile and the clinical
evaluation conducted by two qualified neuropsychologists.
Healthy controls were required to have a MMSE score
above 26, interpreted according to Italian normative val-
ues corrected for age and education, and no clinical evi-
dence of cognitive impairment. Participants in the CI group
showed clinical evidence of cognitive decline supported by
neuropsychological assessment. The MMSE was used as
a global cognitive screening measure, whereas the Repeat-
able Battery for the Assessment of Neuropsychological Sta-
tus (RBANS) and Frontal Assessment Battery (FAB) con-
tributed to the broader characterization of the cognitive pro-
file and supported clinical classification.

2.2 Neuropsychological Assessment
All participants underwent a neuropsychological, af-

fective, and functional assessment.
Global cognitive functioning was screened using the

MMSE [32]. The MMSE includes 30 items evaluating
orientation, short-term memory, attention and calculation,
learning, language, and constructive praxis. Scores were
interpreted using the Italian standardization by Magni et al.
[33], which provides normative adjustments for age and ed-

ucation. In this study, the MMSE served as a general cog-
nitive screening tool, and healthy controls were required to
score above 26.

A broader cognitive profile was obtained using the
RBANS [34], a brief standardized battery comprising 12
subtests that yields a Total Scale score and five Index
scores: Immediate Memory, Visuospatial/Constructional
abilities, Language, Attention, and Delayed Memory. The
RBANS provides age-adjusted standard scores, aiding in
characterizing cognitive performance across domains and
supporting comparisons between groups with varying lev-
els of cognitive decline [35,36]. In this study, the RBANS
was used to support the clinical determination of the cogni-
tive profile.

Executive functioning was further evaluated with the
FAB [37], a six-subtest screening tool for frontal executive
functions, including conceptualization, phonemic fluency,
motor programming, sensitivity to interference, inhibitory
control, and environmental autonomy. FAB scores were in-
terpreted using the Italian norms by Appollonio et al. [38],
adjusted for age and educational level.

Affective state was assessed using the Geriatric De-
pression Scale (GDS) [39], administered in its Italian ver-
sion [40]. Functional independence was measured with the
Barthel Index [41,42]. Lastly, cognitive reserve was es-
timated using the Cognitive Reserve Index questionnaire
(CRIq), a semi-structured interview that quantifies life-
time cognitive enrichment through education, occupational
attainment, and cognitively stimulating leisure activities
[43,44]. The GDS, Barthel Index, and CRIq were used
to characterize affective, functional, and reserve-related as-
pects of the sample, but were not criteria for group assign-
ment.

2.3 Equipment and Setup

Eye movements were recorded in a dedicated room
within the nursing home, easily accessible to residents and
free of architectural barriers. Recordings were obtained us-
ing a Gazepoint GP3 video-based eye tracker sampling at
60 Hz (Gazepoint Research Inc., Vancouver, BC, Canada).
According to the manufacturer, the device has a spatial ac-
curacy of approximately 0.5–1.0° of visual angle under op-
timal conditions and a spatial resolution of approximately
0.1°. Binocular gaze data were streamed through the Gaze-
point Application Programming Interface (v7.1.0, Gaze-
point Research Inc.).

The experiment was run on a laptop computer (In-
tel Core i5-1235U processor, 16 GB RAM, Windows 11)
(Dell Inspiron 15, Dell Inc., Round Rock, TX, USA) using
a custom PsychoPy script (Release 2023.1.3, Open Science
Tools Ltd., Nottingham, UK) [45]. Stimuli were presented
on a 24-inch Dell Full HD monitor (Dell Inc.) with a res-
olution of 1920 × 1080 pixels. The viewing distance was
maintained at approximately 60–65 cm (mean = 62.45 cm)
from the participants’ eyes, in accordance with the device

3

https://doi.org/10.17605/OSF.IO/VG3TD
https://doi.org/10.17605/OSF.IO/VG3TD
https://www.imrpress.com


Fig. 1. The reading paradigm procedure. (1) Experimental Setup and extracted features. (2) Description of the procedure developed
in PsychoPy. (3) Questionnaire for the evaluation of comprehension. Created in BioRender (https://www.biorender.com/). Cecchetti, S.
(2026) https://BioRender.com/2m4mv47.

recommendations. The Gazepoint monitoring window and
pre-task positioning checks were used to optimize setup.
Participants sat comfortably in front of the screen in a quiet,
well-lit room. No chin rest was used, but participants were
asked to minimize head movements during recording. The
reading task setup and procedure are summarised in Fig. 1.

2.4 Reading Task Procedure

The reading stimulus was the ‘sandwich’ story, a 177-
word passage spread over 15 lines, selected from the Dis-
course Comprehension Test (DCT) included in the Narra-
tive Comprehension and Production Test battery (NCPT)
[46]. This text was chosen for multiple reasons. First, it
offers a brief, meaningfully realistic reading task suitable
for older adults in a nursing home setting. Second, it was
presented in the participants’ native language. Third, it is
part of a test battery with prior clinical use, including work
with adults with AD [47]. Finally, following recommenda-
tions by Brookshire and Nicholas [48], the passage contains
a mildly humorous element intended to enhance engage-
ment and lower tension during testing. Participants were in-
structed to read the passage aloud as quickly and accurately

as possible while also trying to understand its content, as
comprehension questions would follow. Instructions first
appeared on the screen and were then repeated orally by
the examiner to ensure understanding of the task. Just be-
fore the text was presented, a fixation cross was shown to
focus gaze on the screen. The maximum time allowed for
the reading task was set at 180 seconds.

Comprehension was assessed immediately afterward
using eight structured questions related to the passage (see
Supplementary Table 1). These questions targeted differ-
ent levels of processing, including explicitly stated informa-
tion (MIS), implicit main ideas (MII), and peripheral details
presented either explicitly (DTS) or implicitly (DTI). This
structure allowed for characterizing performance not only
in terms of literal information retrieval but also in relation
to inferential processing and the integration of implicit and
secondary story elements. The questions were administered
in a paper-and-pencil format. The overall reading paradigm
is illustrated in Fig. 1.
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2.5 Pre-Processing Data

Eye-tracking pre-processing and analysis followed the
general logic of the gaze analysis pipeline described by
Duchowski [20], including raw data inspection, event ex-
traction, area-of-interest assignment, and aggregation of
summary measures for statistical analysis. Raw gaze data
consisted of time-stamped horizontal and vertical gaze co-
ordinates. From these data, fixation- and saccade-related
measures were derived and summarised using custom
Python scripts (Python 3.10, Python Software Foundation,
Beaverton, OR, USA).

Specifically, the raw data stream (the raw gaze sig-
nal) output by the eye tracker consists of gaze points gi =
(xi, yi, ti), where xi and yi are the 2D gaze point coordi-
nates on the screen and ti is the timestamp of every sam-
ple. A third-order (s = 3) Savitzky-Golay (SG) filter ht,s

i

of width p = 5 is used to differentiate the raw positional
gaze signal into its velocity estimate:

ẋs
n(t) = 1/ (∆ts)

 p∑
i=−p

ht,s
i xn−i


applied independently to the xi and yi 2D gaze point coor-
dinates. The resulting velocity signal (ẋi, ẏi) is thresholded
at 36 degrees per second. The signal where velocity exceeds
this threshold is labeled as part of a saccade; elsewhere, the
signal is labeled a fixation. See Duchowski [20] for further
details.

For text-based eye-tracking analysis, Areas of Inter-
est (AOIs) were defined at the word level, with one AOI
assigned to each word of the passage, following a word-
based approach similar to that described by Busjahn and
Tamm [49]. AOIs were created in document editing soft-
ware (Scribus, v. 1.7.0, The Scribus Team, open-source,
https://www.scribus.net/) based on the exact visual layout
of the displayed text. Gaze events were then assigned to
the predefined AOIs, and events falling outside these word-
level AOIs were excluded from AOI-based analyses. A
more detailed description of AOI construction and the cus-
tom processing workflow is provided in the Supplemen-
tary Fig. 2 to facilitate reproducibility.

The resulting eye-tracking metrics included conven-
tional aggregate oculomotor measures, such as fixation
count, fixation duration, and saccade amplitude, as well
as AOI-based aggregate indices. Because the study was
conducted in an ecological nursing home setting, without
head stabilization and using a 60 Hz device, the analyses fo-
cused on robust summary measures rather than highly fine-
grained temporal parsing.

Audio recordings were processed separately. Each file
was manually reviewed in ELAN (version 7.0, Max Planck
Institute for Psycholinguistics, Nijmegen, Netherlands) [50,

51], where reading errors, including mispronounced words,
repetitions, excess words, and omissions, were identified
and annotated.

2.6 Study Outcomes
The study outcomes were predefined as feasibility,

primary, secondary, and exploratory outcomes. Feasibility
outcomes included completion of the reading task, success-
ful acquisition of audio recordings, successful eye-tracking
calibration and validation when attempted, and the propor-
tion of usable audio and eye-tracking recordings available
for analysis.

The primary outcomes focused on key reading met-
rics: TRE, TCE, and WPM. TRE was defined as the to-
tal number of reading errors made during aloud reading,
including substitutions, omissions, repetitions, excess re-
sponses, and mispronunciations. TCE was defined as the
total number of incorrect responses on the comprehension
questions administered after the reading passage. WPM
was defined as the number of correctly read words per
minute.

Secondary outcomes included Total Reading Time, in-
dividual components of reading and comprehension per-
formance, and timing-based eye-tracking metrics. Read-
ing error types comprised substitutions, omissions, repeti-
tions, excess responses, and mispronounced words. Com-
prehension error types included MII, MIS, DTI, and DTS
errors. Timing-based eye-tracking measures included eye-
tracking-based WPM and Total Reading Time.

Exploratory outcomes encompassed traditional first-
order eye-tracking metrics, such as fixation- and saccade-
based indices. Since usable eye-tracking data were avail-
able only for a smaller subsample, analyses involving these
measures were considered exploratory.

2.7 Statistical Analyses
Descriptive statistics are reported for socio-

demographic variables, neuropsychological measures,
and reading-derived outcomes, stratified by group (HC vs
CI). For between-group comparisons of continuous vari-
ables, normality was assessed within each group using the
Shapiro-Wilk test. When normality was supported in both
groups (p > 0.05), group differences were evaluated using
independent-samples t-tests. Homogeneity of variances
was assessed using Levene’s test, and, when violated,
Welch’s correction was applied. When at least one group
deviated from normality, the Wilcoxon rank-sum test was
used. Categorical variables were compared using Pearson’s
chi-squared test.

To evaluate the association between reading-derived
measures and cognitive impairment status, multivariable
generalized linear models (GLMs) with a binomial distri-
bution and a logit link function were fitted with CI vs HC
status as the dependent variable. Separate models were es-
timated for each reading-derived predictor, including TRE,
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Fig. 2. Participant flow diagram. Created in BioRender (https://www.biorender.com/). Cecchetti, S. (2026) https://BioRender.com/
48bg3ju. HC, healthy control; CI, cognitively impaired.

TCE, WPM, Total Reading Time, and the specific read-
ing and comprehension error-type measures, while adjust-
ing for gender, age, education, GDS score, Barthel Index,
and CRIq. Model results are reported as odds ratios (ORs)
with 95% confidence intervals (CIs). To account for multi-
ple testing across these models, p-values were adjusted us-
ing the false discovery rate (FDR) procedure.

For each GLM, discriminative performance was fur-
ther assessed by receiver operating characteristic (ROC)
analysis, reporting the area under the curve (AUC) together
with sensitivity, specificity, and accuracy at the selected
probability threshold.

Finally, partial Spearman correlation analyses were
conducted to explore relationships between reading-related
measures and neuropsychological, functional, affective,
and cognitive reserve variables, adjusting for age, gender,
and education. A non-parametric approach was chosen be-
cause several variables were not normally distributed. The
correlation analysis included audio-based and eye-tracking-
based reading measures; eye-tracking variables were avail-
able only in a smaller subsample (n = 50). To account for

multiple testing, p-values were adjusted using the FDR pro-
cedure, and only correlations that remained significant after
FDR correction (q < 0.05) were considered meaningful.

Exploratory eye-tracking analyses were also per-
formed on the subsample with usable oculometric data
following calibration and validation. In addition to eye-
tracking timingmeasures, traditional first-order oculomotor
metrics were examined. Statistical tests were selected based
on assessments of normality and homogeneity of variance.
Due to the smaller subsample size and the exploratory na-
ture of these analyses, findings related to conventional eye-
tracking measures were interpreted with caution.

All analyses were conducted in R (version 4.5.2; R
Core Team, R Foundation for Statistical Computing, Vi-
enna, Austria) [52]. Tables were generated using the gt-
summary package (version 2.5.0) [53], and figures were
produced using ggplot2 (version 4.0.2) [54]. Statistical sig-
nificance was set at α = 0.05 (two-sided).
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Table 1. Sociodemographic characteristics.
Characteristic HC (n = 30) CI (n = 30) p-value

Age, years 74.50 (69.00; 81.00) 88.00 (82.00; 92.00) <0.001
Education, years 8.00 (5.00; 13.00) 5.00 (5.00; 8.00) <0.001
Female gender, n (%) 15/30 (50.00%) 23/30 (76.67%) 0.032
Values are presented as median (Q1; Q3) for continuous variables and n (%) for
categorical variables. p-values were calculated using the Wilcoxon rank-sum test
for continuous variables and Pearson’s chi-squared test for categorical variables.

Table 2. Neuropsychological assessment.
Characteristic HC (n = 30) CI (n = 30) p-value

MMSE (adjusted) 28.00 (27.20; 28.40) 21.85 (18.40; 24.20) <0.001
RBANS total (age-adjusted) 88.00 (76.00; 105.00) 60.00 (53.00; 69.00) <0.001
FAB (adjusted) 15.51 (1.68) 11.01 (2.84) <0.001
GDS 4.00 (1.00; 6.00) 8.50 (6.00; 14.00) <0.001
Barthel Index 100.00 (98.00; 100.00) 54.00 (28.00; 85.00) <0.001
CRIq 102.97 (19.57) 80.17 (12.83) <0.001
Values are presented as median (Q1; Q3) for non-normally distributed variables andmean (SD)
for normally distributed variables. p-values were calculated using the Wilcoxon rank-sum test
or Welch’s two-sample t-test, as appropriate.
Abbreviations: MMSE, Mini-Mental State Examination; RBANS, Repeatable Battery for the
Assessment of Neuropsychological Status; FAB, Frontal Assessment Battery; GDS, Geriatric
Depression Scale; CRIq, Cognitive Reserve Index questionnaire.

3. Results
Regarding the first objective, feasibility results

showed that 60 out of 105 residents screened were enrolled
and completed the study protocol (see Fig. 2). Usable au-
dio recordings were obtained from all included participants.
Eye tracking was attempted with all 60 participants, pro-
ducing usable data for 50 of them. Ten participants were
excluded from the eye-tracking analysis due to failed cali-
bration or validation, including four in the CI group and six
in the HC group.

A total of 60 nursing-home residents participated in
the study (HC, n = 30; CI, n = 30). As shown in Table 1,
the CI groupwas significantly older than the HC group (me-
dian [Q1; Q3]: 88.00 [82.00; 92.00] vs 74.50 [69.00; 81.00]
years, p < 0.001) and had fewer years of education (5.00
[5.00; 8.00] vs 8.00 [5.00; 13.00], p < 0.001). The gen-
der distribution also differed between groups, with a higher
proportion of females in the CI group compared to the HC
group (23/30, 76.67% vs 15/30, 50.00%; p = 0.032). As-
sumption checks for continuous variables are detailed in
Supplementary Tables 2,3.

Neuropsychological and functional assessment results
are presented in Table 2. Relative to the HC group, the CI
group showed lower performance on the adjusted MMSE
(median [Q1; Q3]: 21.85 [18.40; 24.20] vs 28.00 [27.20;
28.40], p < 0.001) and lower age-adjusted RBANS total
scores (60.00 [53.00; 69.00] vs 88.00 [76.00; 105.00], p <

0.001). The CI group also showed lower executive func-
tioning on the adjusted FAB (11.01± 2.84 vs 15.51± 1.68,

p< 0.001), greater depressive symptomatology on the GDS
(8.50 [6.00; 14.00] vs 4.00 [1.00; 6.00], p < 0.001), lower
functional independence on the Barthel scale (54.00 [28.00;
85.00] vs 100.00 [98.00; 100.00], p < 0.001), and lower
cognitive reserve on the CRIq (80.17 ± 12.83 vs 102.97 ±
19.57, p < 0.001).

Regarding the second objective, descriptive statistics
for reading-related measures are provided in the Supple-
mentary Materials. Supplementary Table 4 reveals that
the CI group had a higher TRE load than the HC group, with
the most notable differences observed in omissions and, to
a lesser degree, in substitutions and mispronunciations.

Supplementary Table 5 indicates that the CI group
also exhibited more TCE than the HC group, with higher
values across all types of comprehension errors (DTS, DTI,
MIS, and MII).

Supplementary Table 6 further demonstrates that the
CI group read more slowly than the HC group, with fewer
WPM and longer overall reading times. Collectively, these
descriptive findings provide the distributional context for
the subsequent covariate-adjusted GLM and ROC analyses.

Consistent with these patterns, Table 3 shows the re-
sults of covariate-adjusted multivariable GLMs examining
the relationship between each reading-derived measure and
CI versus HC status, controlling for gender, age, education,
GDS, Barthel Index, and CRIq. Among comprehension-
related variables, higher scores of MII errors (OR = 7.595,
95% CI 1.213–66.313, p = 0.041), DTI errors (OR = 6.397,
95% CI 1.539–48.273, p = 0.027), DTS errors (OR =
278.096, 95% CI 6.343–139,396.507, p = 0.025), and TCE
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Table 3. Multivariable generalized linear models (GLMs).
Variable n OR 95% CI p-value1 q-value2

MII errors 60 7.595 1.213, 66.313 0.041 0.134
MIS errors 60 3.464 0.788, 24.396 0.143 0.238
DTI errors 60 6.397 1.539, 48.273 0.027 0.134
DTS errors 60 278.096 6.343, 139,396.507 0.025 0.134
Total Comprehension Errors 60 11.108 2.662, 246.186 0.024 0.134
Substitutions 60 1.130 0.866, 2.982 0.741 0.741
Omissions 60 2.014 1.154, 5.690 0.081 0.173
Repetitions 60 1.492 0.899, 3.547 0.306 0.417
Excess 60 1.320 0.710, 4.956 0.625 0.670
Mispronounced 60 1.052 0.946, 1.395 0.515 0.595
Total Reading Errors 60 1.238 1.054, 1.629 0.045 0.134
WPM (audio) 60 0.978 0.945, 1.008 0.171 0.256
Total Reading Time (audio) 60 1.013 0.987, 1.041 0.341 0.426
WPM (ET) 50 0.968 0.932, 0.999 0.057 0.142
Total Reading Time (ET) 50 1.021 0.995, 1.052 0.126 0.237
1p-values come from a logistic model using gender, age, education, GDS, Barthel Index, and
CRIq as covariates.
2False discovery rate correction for multiple testing.
Abbreviations: CI, confidence interval; OR, odds ratio; MII, implicit main ideas; MIS, ex-
plicitly stated information; DTI, peripheral details presented either implicitly; DTS, peripheral
details presented either explicitly; WPM, words per minute; ET, eye tracking.

(OR = 11.108, 95% CI 2.662–246.186, p = 0.024) were
linked to higher odds of being in the CI group. MIS errors
showed a similar trend, but the association was not statis-
tically significant (OR = 3.464, 95% CI 0.788–24.396, p
= 0.143). Among reading-related variables, TRE was also
positively associated with CI status (OR = 1.238, 95% CI
1.054–1.629, p = 0.045), whereas individual reading error
types were not significantly associated with group status.
No significant links emerged for reading speed or reading
time measures. After FDR correction, none of the mod-
els stayed significant at the usual threshold of q < 0.05.
However, several variables, including MII errors, DTI er-
rors, DTS errors, TCE, TRE, and WPM (eye tracking, ET),
showed borderline adjusted values. Overall, these results
suggest that comprehension-related measures and the over-
all number of reading errors provide the strongest adjusted
signals for differentiating the CI and HC groups in this pilot
sample.

Regarding the third objective, ROC analyses based on
the fitted models showed good discrimination between CI
and HC status (Fig. 3). Among reading error metrics, the
model including TRE (Fig. 3A) demonstrated the best per-
formance (AUC ≈ 0.95; threshold = 0.571; sensitivity =
0.867; specificity = 1.00; accuracy = 0.933). For individual
reading error categories (Fig. 3B), discrimination remained
strong, with AUC values ranging from 0.931 to 0.961.
Specifically, substitutions had an AUC of 0.931, omissions
0.961, repetitions 0.937, mispronounced words 0.931, and
excess errors 0.931. Overall, these findings suggest that to-
tal reading errors offer the strongest discrimination of cog-

nitive impairment status, while individual reading error cat-
egories also provide meaningful, though slightly weaker,
classification performance.

A similarly strong pattern emerged for
comprehension-related metrics (Fig. 4). The model,
including TCE (Fig. 4A), showed excellent discrimination
between CI and HC status (AUC = 0.982), with an optimal
probability threshold of 0.492, yielding sensitivity =
0.933, specificity = 0.967, and accuracy = 0.950. For
the individual comprehension error categories (Fig. 4B),
discriminatory performance was also good to excellent.
MII errors showed an AUC of 0.938 (threshold = 0.381;
sensitivity = 0.900; specificity = 0.833; accuracy = 0.867),
MIS errors an AUC of 0.930 (threshold = 0.768; sensitivity
= 0.767; specificity = 0.967; accuracy = 0.867), DTI
errors an AUC of 0.949 (threshold = 0.671; sensitivity =
0.833; specificity = 0.967; accuracy = 0.900), and DTS
errors an AUC of 0.973 (threshold = 0.534; sensitivity =
0.933; specificity = 0.967; accuracy = 0.950). Overall,
these models showed consistently high specificity and
good sensitivity, suggesting that comprehension-related
measures, particularly TCE and DTS errors, may be
especially informative for distinguishing CI from HC
participants in this exploratory pilot sample. Taken to-
gether with the covariate-adjusted odds ratios reported in
Table 3, these findings indicate that both aggregate and
selected domain-specific comprehension error measures
provided meaningful discriminatory information even after
adjustment for gender, age, education, GDS, Barthel Index,
and CRIq.
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Fig. 3. Receiver operating characteristic (ROC) curves for reading error metrics. (A) Total reading errors. (B) Individual reading
error categories, including substitutions, omissions, repetitions, mispronounced, and excess. Curves are derived from covariate-adjusted
models that include age, gender, education, GDS, Barthel Index, and CRIq. AUC, area under the curve.

Fig. 4. ROC curves for comprehension error metrics. (A) Total comprehension errors. (B) Comprehension error type metrics (MII,
MIS, DTI, and DTS). Models adjusted for age, gender, education, GDS, Barthel Index, and CRIq.

For the audio timing-based reading metrics (Fig. 5),
WPM (Fig. 5A) demonstrated effective discrimination be-
tween CI and HC status. WPM in the audio condition
achieved an AUC of 0.936, with an optimal probability

threshold of 0.323, sensitivity of 0.900, specificity of 0.800,
and accuracy of 0.850. Total Reading Time in the audio
condition (Fig. 5B) showed similar performance, with an
AUC of 0.930, an optimal probability threshold of 0.540,

9

https://www.imrpress.com


Fig. 5. ROC curves for timing-based reading metrics (audio). (A) WPM. (B) Total Reading Time: models adjusted for age, gender,
education, GDS, Barthel Index, and CRIq.

Fig. 6. ROC curves for timing-based reading metrics (Eye Tracking). (A) WPM. (B) Total Reading Time: models adjusted for age,
gender, education, GDS, Barthel Index, and CRIq.

sensitivity of 0.800, specificity of 0.900, and accuracy of
0.850. Overall, these results indicate that both reading
speed and total reading duration can effectively distinguish
cognitive impairment status in this pilot sample, although
neither metric surpassed the error-based measures.

For the eye-tracking timing-based reading metrics
(Fig. 6), both WPM and Total Reading Time showed a
strong ability to distinguish between the CI and HC groups.
WPM in the eye-tracking condition (Fig. 6A) achieved an
AUC of 0.960, with an optimal probability threshold of
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Fig. 7. Partial Spearman correlation matrix adjusted for age, gender, and education. Only correlations that remained significant
after false discovery rate (FDR) correction for multiple comparisons are displayed and color-coded; blank cells indicate either redun-
dant cells in the symmetric matrix or associations that did not survive FDR correction. Blue indicates positive correlations and orange
indicates negative correlations, with color intensity reflecting the magnitude of the association. ET metrics were available for a reduced
subsample of 50 participants. Abbreviations: CRI, Cognitive Reserve Index; RBANS Tot., Repeatable Battery for the Assessment of
Neuropsychological Status total score; Tot. Reading Time, Total Reading Time; Tot. Comprehension Errors, total comprehension errors;
Tot. Reading Errors, total reading errors.

0.478, sensitivity of 0.885, specificity of 0.917, and ac-
curacy of 0.900. Total Reading Time in the eye-tracking
condition (Fig. 6B) also performed well, with an AUC of
0.942, an optimal probability threshold of 0.413, sensitivity
of 0.885, specificity of 0.875, and accuracy of 0.880. Over-
all, these results suggest that eye-tracking-derived timing
metrics effectively differentiate CI from HC participants
in this pilot sample and show slightly better discrimina-
tory performance than the corresponding audio-based tim-
ing measures.

Regarding the fourth objective, partial Spearman cor-
relations, adjusted for age, gender, and education, are
shown in Fig. 7. Only correlations that remained signifi-
cant after FDR correction are shown. Overall, the reading-
derived measures were consistently associated with cogni-
tive performance, executive functioning, depressive symp-
toms, functional status, and cognitive reserve. TRE was
significantly linked to poorer neuropsychological perfor-
mance, showing negative correlations with RBANS total
score (ρ = –0.69), MMSE (ρ = –0.57), and FAB (ρ = –
0.54), and a positive correlation with GDS (ρ = 0.30). TCE
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exhibited a similar pattern, with negative correlations with
the RBANS total score (ρ = –0.55), the MMSE (ρ = –0.62),
and the FAB (ρ = –0.52).

Timing-based measures were also strongly intercon-
nected. In the audio condition, WPM was highly inversely
correlated with Total Reading Time (ρ = –0.99), positively
correlated with eye-tracking WPM (ρ = 0.87), and nega-
tively correlated with eye-tracking Total Reading Time (ρ
= –0.91). Audio WPM was also related to fewer TRE (ρ =
–0.72) and fewer TCE (ρ = –0.38), while audio Total Read-
ing Time was positively associated with TRE (ρ = 0.69) and
TCE (ρ = 0.36). A similar pattern appeared for eye-tracking
metrics: eye-tracking WPM was inversely related to eye-
tracking Total Reading Time (ρ = –0.81), TRE (ρ = –0.73),
and TCE (ρ = –0.45), whereas eye-tracking Total Reading
Time was positively linked to both TRE (ρ = 0.73) and TCE
(ρ = 0.43).

Cognitive reserve was also meaningfully related to
reading performance. Higher Cognitive Reserve Index
(CRI)-Total scores were linked to faster reading speeds in
both the audio (ρ = 0.54) and eye-tracking (ρ = 0.45) con-
ditions, shorter reading times in the audio condition (ρ = –
0.53), and fewer reading and comprehension errors (TRE: ρ
= –0.41; TCE: ρ = –0.32). Similar, but slightly weaker, pat-
terns were observed for CRI-Leisure Time and CRI-Work
Activity. Overall, these adjusted and FDR-corrected cor-
relations support the convergent validity of the reading-
derived measures with established neuropsychological, af-
fective, and functional indices, and indicate that cognitive
reserve influences individual differences in reading effi-
ciency and error rates.

Finally, exploratory analyses of conventional first-
order eye-tracking metrics are reported in the Supple-
mentary Materials. Unlike the eye-tracking-derived tim-
ing measures presented earlier in the main Results, tra-
ditional oculomotor variables did not distinguish between
groups. Specifically, no significant between-group differ-
ences were observed in fixation durations, saccadic ampli-
tudes, or saccadic durations (all p > 0.05; see Supplemen-
tary Fig. 3). Overall, these findings suggest that, under the
present acquisition conditions, conventional first-order eye-
movement measures were less sensitive to cognitive status
than reading-derived timing and error-based indices.

4. Discussion
The present study investigated the feasibility and po-

tential diagnostic value of an ecological reading task ad-
ministered in a nursing home setting to identify digital lin-
guistic markers associated with cognitive impairment in
older adults. Specifically, the study aimed to determine
whether reading-derived linguistic metrics, i.e., total read-
ing errors, total comprehension errors, and WPM, as well
as selected eye-tracking indicators, may distinguish cogni-
tively impaired residents from healthy controls.

The results support the primary hypothesis that per-
formance on an ecologically valid reading task is associ-
ated with cognitive status in institutionalized older adults.
Overall, the findings demonstrate that the task was fea-
sible in a real-world nursing home environment and that
several reading-based measures showed strong discrimina-
tive capacity between cognitively impaired and cognitively
healthy individuals. Consistent with the study hypotheses,
participants in the cognitively impaired group performed
significantly worse than healthy controls across multiple
linguistic reading metrics. They exhibited higher rates of
reading errors and comprehension errors, slower reading
speeds, and longer overall reading times. These differ-
ences remained significant even after adjusting for rele-
vant covariates, including age, gender, education, depres-
sive symptoms, and functional status. Among the tested
indicators, comprehension errors showed the strongest
association with cognitive impairment, suggesting that
comprehension-based measures may be particularly sen-
sitive to cognitive decline in this population. This find-
ing aligns with previous research indicating that individuals
with neurodegenerative conditions may retain the ability to
decode written words while experiencing deficits in seman-
tic integration and comprehension processes. The strong
predictive value of comprehension errors, therefore, sup-
ports the idea that higher-order language processing tasks
may reveal early cognitive disruptions more effectively
than simple reading accuracy alone.

Reading speed also emerged as a meaningful marker.
The lower WPM observed in the cognitively impaired
group is consistent with earlier findings showing that neu-
rodegenerative disorders often affect the temporal dynam-
ics of reading. Slower reading may reflect reduced pro-
cessing efficiency, increased cognitive load, or compen-
satory strategies to maintain comprehension. Importantly,
the receiver operating characteristic analyses revealed high
discriminative performance for all three linguistic metrics,
with particularly high area under the curve values for com-
prehension errors and reading errors. These results suggest
that even a brief reading task can generate quantifiable lin-
guistic indicators with substantial diagnostic potential.

The eye-tracking component of the study provided ad-
ditional insight into the mechanisms underlying these per-
formance differences. Timing-related eye-movement mea-
sures appeared broadly consistent with the linguistic results,
suggesting that altered reading behavior in cognitively im-
paired participants may partly reflect changes in process-
ing dynamics during text engagement. However, first-
order oculomotor metrics did not significantly differ be-
tween groups. This result suggests that the observed read-
ing impairments are unlikely to stem primarily from basic
oculomotor dysfunction. Instead, they may reflect higher-
level cognitive processes such as lexical access, semantic
integration, attention regulation, or executive control. In
other words, the findings reinforce the interpretation that
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cognitive impairment affects the cognitive architecture of
reading rather than the mechanical eye-movement system
itself. These results are consistent with prior studies sug-
gesting that reading difficulties in neurodegenerative dis-
orders often arise from disruptions in linguistic and cogni-
tive processing rather than from fundamental oculomotor
deficits.

Beyond the specific performance findings, an impor-
tant contribution of this study pertains to the practical feasi-
bility of it in a nursing home environment. All participants
were able to complete the reading task, and audio record-
ings were obtained for the entire sample. Furthermore, eye-
tracking data were successfully collected for the majority of
participants despite the challenges typically associated with
real-world data acquisition in older populations. These re-
sults indicate that ecological digital assessment approaches
can be integrated into residential care settings without be-
ing too demanding for older adults. Given that cognitive
decline is frequently under-recognized in institutionalized
older adults, such accessible and scalable tools may play a
valuable role in early detection and monitoring.

Despite these promising findings, several limitations
should be considered when interpreting these preliminary
results. First, the study employed a cross-sectional design,
which prevents conclusions about causal relationships or
the longitudinal progression of cognitive decline. Future re-
search should examinewhether the identified reading-based
markers are sensitive to changes over time andwhether they
can predict transitions from mild cognitive impairment to
dementia. Second, the sample size was relatively small
and based on a single institutional context, an issue that
may limit the generalizability of the findings. Replication
in larger and more diverse populations, including residents
from multiple facilities and individuals with different clin-
ical profiles, would probably strengthen the external valid-
ity of these interesting preliminary results. Another limi-
tation concerns the heterogeneity of cognitive impairment
among participants. Although individuals were categorized
based on clinical and neuropsychological evaluation, cog-
nitive impairment in older adults can arise from multiple
etiologies and may manifest differently across individuals.
Future studies might benefit from examining specific di-
agnostic subgroups or incorporating biomarker information
to better characterize underlying disease processes. Addi-
tionally, although eye-tracking data were available for most
participants, calibration difficulties reduced the usable sam-
ple for this component of the analysis. While this is com-
mon in studies involving older adults, it highlights the need
for continued refinement of eye-tracking methodologies for
use in naturalistic clinical environments.

Along with its limitations, the study also has notable
strengths. It combines ecological task design, linguistic
analysis, and objective digital measurement within a pop-
ulation that is often underrepresented in cognitive research.
The use of a realistic reading passage mirrors everyday ac-

tivities more closely than many traditional neuropsycholog-
ical tests, thereby enhancing ecological validity. Moreover,
the integration of linguistic performance metrics with eye-
tracking data provides a multimodal perspective on reading
behavior and cognitive function. The study also controlled
for several potentially confounding variables, including ed-
ucation, depressive symptoms, and functional status, which
strengthens confidence in the observed associations.

Future research in the field should further explore
the potential of reading-based digital markers as screen-
ing or monitoring tools for cognitive decline. Longitu-
dinal designs could clarify whether these metrics can de-
tect early cognitive changes before they become clinically
apparent. In addition, expanding the range of linguistic
and eye-movement features, such as pause patterns, regres-
sions, lexical difficulty responses, and variability in reading
dynamics, may reveal more nuanced signatures of cogni-
tive impairment. Advances in automated speech analysis
and machine learning could also enable the development
of scalable digital assessment platforms capable of extract-
ing complex linguistic features from routine reading tasks.
Finally, integrating these digital markers with other modal-
ities, such as speech analysis, wearable sensor data, or neu-
roimaging, may contribute to more comprehensive models
of cognitive health in aging populations.

5. Conclusions
In conclusion, the present findings suggest that an eco-

logical reading task can be successfully implemented in
nursing home settings and can generate meaningful linguis-
tic indicators associated with cognitive impairment. Mea-
sures of comprehension accuracy, reading errors, and read-
ing speed demonstrated strong discriminatory capacity be-
tween cognitively impaired residents and healthy controls,
while eye-tracking results pointed toward cognitive rather
than purely oculomotor mechanisms underlying these dif-
ferences. Together, these findings support the potential of
reading-derived digital markers as practical and informative
tools for detecting cognitive decline in older adults living in
residential care environments.
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