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Abstract
Early detection is crucial for timely intervention aimed at pre-
venting and slowing the progression of neurocognitive disorder
(NCD), a common and significant health problem among the
aging population. Recent evidence has suggested that language-
related functional magnetic resonance imaging (fMRI) may be
a promising approach for detecting cognitive decline and early
NCD. In this paper, we proposed a novel, naturalistic language-
related fMRI task for this purpose. We examined the effective-
ness of this task among 97 non-demented Chinese older adults
from Hong Kong. The results showed that machine-learning
classification models based on fMRI features extracted from
the task and demographics (age, gender, and education year)
achieved an average area under the curve of 0.86 when clas-
sifying participants’ cognitive status (labeled as NORMAL vs
DECLINE based on their scores on a standard neurcognitive
test). Feature localization revealed that the fMRI features most
frequently selected by the data-driven approach came primarily
from brain regions associated with language processing, such as
the superior temporal gyrus, middle temporal gyrus, and right
cerebellum. The study demonstrated the potential of the natu-
ralistic language-related fMRI task for early detection of aging-
related cognitive decline and NCD.
Index Terms: naturalistic language task, fMRI, neurocognitive
disorder, NCD detection

1. Introduction
The growing aging population poses a significant challenge to
society. In China, older adults aged 60 and above constitute
18.70% of the total population [1]. Aging typically leads to neu-
rocognitive decline, which may progress into neurocognitive
disorder (NCD) that is more severe and goes beyond the normal
cognitive aging trajectory. Globally, over 55 million people live
with dementia (i.e., major NCD, a late stage of NCD) [2], with
approximately 15 million cases in China [3]. NCD significantly
undermines individuals’ daily functioning and well-being and
places a heavy burden on society. Therefore, early detection of
cognitive decline and NCD is crucial, enabling timely interven-
tion to prevent or slow down NCD progression.

Multiple approaches have been proposed for early NCD de-
tection, but none has been entirely satisfactory so far [4–6].
Recent evidence suggests that examining brain language func-
tion via language tasks combined with neuroimaging (e.g.,
functional magnetic resonance imaging (fMRI) and electroen-
cephalogram) is a promising approach. Degradation in brain
language function is common in various types of NCD, and such
changes may appear early before noticeable NCD symptoms
emerge [7, 8]. However, existing language tasks (e.g., the clas-
sic picture-naming task, which requires participants to speak
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Figure 1: The proposed movie-watching fMRI task. While being
scanned in the MRI scanner, the participant watches a movie
projected onto a mirror placed inside the scanner. The partici-
pant receives the movie’s audio stream through headphones.

out the names of a series of objects) used for screening and de-
tecting NCD are typically simple and focus on basic language
functions at the word or verbal level [9, 10]. Additionally, most
of these tasks are laboratory-based and lack ecological validity.
These tasks differ from daily activities and may not accurately
reflect people’s cognitive functioning in real life [11,12]. These
drawbacks may limit the effectiveness of the existing language-
related fMRI tasks in detecting NCD.

In this paper, we introduce a novel approach for detect-
ing cognitive decline and NCD, which integrates a naturalistic
language-related fMRI task, a movie-watching task, and func-
tional magnetic resonance imaging. This approach possesses
several advantages. First, the movie-watching task closely re-
sembles a common daily activity (i.e., watching movies), mak-
ing it more realistic and ecologically valid than traditional
laboratory-based tasks. Studies have shown that naturalistic
tasks are better at detecting cognitive decline and impairment
[11, 12]. Second, the task involves multiple levels of language
functions, ranging from functions processing phonetic and ar-
ticulatory linguistic features at the lower level to functions pro-
cessing discourse and pragmatic linguistic features at the higher
level. Those higher levels of language functions, not well cap-
tured in the traditional laboratory-based tasks, are more suscep-
tible to NCD and could be more sensitive for detecting NCD
[13, 14]. Third, the task only requires participants to passively
watch a short movie clip without actively performing opera-
tions. This makes the task easy and friendly even for partici-
pants with difficulty comprehending or following instructions.
Fourth, the language functions elicited by the task are measured
using fMRI, which is non-invasive and provides high spatial res-
olution. The fMRI technology has been widely used and proven
to be powerful for studying brain language functions [15, 16].
The measure does not rely on participants’ self-report and as-



Table 1: Statistics of demographics and MoCA scores of partic-
ipants in the Movie-watching fMRI task and MoCA test.

Feature Male (n = 54) Female (n = 43)
Mean Std. Mean Std.

Age 72.02 5.78 70.74 6.28
Education 9.02 3.71 6.65 3.62

MoCA 21.00 4.08 19.12 4.19

sessors’ judgments, providing a more objective and sensitive
measure of language functions.

In the following section, we will demonstrate the effective-
ness of this approach in detecting cognitive decline (before the
development of dementia or major NCD) among Hong Kong
Chinese. Specifically, we scanned Hong Kong Chinese older
adults while they were watching a short movie in Cantonese.
We then trained and cross-validated models based on the fMRI
data to classify these older adults into a binary group member-
ship (cognitively NORMAL vs. DECLINE) defined by their
scores on the Montreal Cognitive Assessment (MoCA) [17], a
well-established test for assessing cognitive function and assist-
ing NCD diagnosis. This study supports the potential of the
movie-watching task to detect cognitive decline before the ap-
pearance of apparent NCD symptoms.

2. Data Collection
Participants. 97 Chinese older adults aged above 60 years (see
Table 1 for more demographic information) residing in Hong
Kong were recruited. All participants were right-handed, had
normal or correct-normal visual acuity, could read Chinese,
without dementia, and were eligible for fMRI scanning. Eth-
ical approval was obtained from the medical ethics committee.
Informed consent was obtained from all participants.

The movie-watching task. As shown in Figure 1, partici-
pants watched a short Cantonese movie (containing visual and
auditory streams and subtitles), called “Sweet Home”, while ly-
ing still in an MRI scanner. The movie lasted for 662 seconds
and depicted daily interactions and conversations within a fam-
ily. The scenarios in the movie closely resembled typical daily
situations in Hong Kong families and were meant to be familiar
to participants. Some movie segments contained speeches (di-
alogues or monologues), some were silent, and these segments
were interspersed throughout the movie. To motivate partici-
pants to engage with the movie, they were informed beforehand
that they would be asked questions about the movie afterward.

FMRI data acquisition and preprocessing. FMRI data
were acquired when participants were watching the movie in
the MRI scanner. T2-weighted blood-oxygen-level-dependent
signals were collected using a Siemens MAGNETOM Prisma 3
Tesla MRI Scanner with a 64-Channel Head/Neck coil. Multi-
band (factor = 6) gradient echo planar sequence was used to
scan the whole brain. The scanning parameters were repetition
time = 900 ms, echo time = 24 ms, flip angle = 90°, voxel size
= 2 × 2 × 2 mm3, matrix size = 104 × 104, field of view = 206
× 206 mm2, and number of slices = 72. The first nine fMRI
volumes were discarded to ensure magnetization stabilization,
leaving 736 volumes per subject for analysis. We used SPM12
(fil.ion.ucl.ac.uk/spm/software/spm12) to preprocess the func-
tional images. Following the standardize protocols [18], the
preprocessing included field map correction, realignment, slice
timing correction, co-registration, segmentation, normalization
to the standard Montreal Neurological Institute (MNI) space,
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Figure 2: The flowchart of machine learning-based cognitive
status classification. T-maps obtained from the movie-watching
fMRI task underwent a two-step dimension reduction process
and were concatenated with demographics for cognitive status
classification. Scissors means the feature is optional.

and spatial smoothing with an isotropic 5 mm full-width-at-
half-maximum Gaussian kernel.

MoCA test for cognitive status. As this study aims to ex-
amine whether speech-related fMRI features derived from the
movie-watching task is effective in detecting cognitive decline
before overt NCD symptoms emerge (and thus can be used for
early NCD detection), all participants recruited in the present
study did not meet the diagnostic criteria of major NCD (or de-
mentia). Their cognitive status was measured using the Hong
Kong version of MoCA [19]. The test score ranged between 0
and 30, with a higher score indicating a better cognitive status.
We categorized participants into two groups for classification
based on their MoCA scores (see details in section 3.2).

3. Approach
3.1. Language-related Statistical T-maps Extraction

For each participant, we used general linear modeling to analyze
their brain activation related to speech processing:

Y = β0 + β1(Speech event ∗HRF )

+β2(Silence event ∗HRF )

+HeadmotionRegressors+Residual (1)

where the fMRI signals Y (a 1-D time series) within each brain
voxel of each participant was regressed on two event vectors
that encoded the presence of speech and silence at different
time points during the movie: 1) a speech-event vector (0 = ab-
sence of speech, 1 = presence of speech); and 2) a silence-event
vector (0 = non-silence, 1 = presence of silence). Both event
vectors were convolved with the canonical Hemodynamic Re-
sponse Function (HRF). The HRF models the time-dependent
change in fMRI signals after a specific neural activity is evoked
by an event (e.g., the presence of speech in this study) [20]. The
resulting regression coefficient β1 and β2 indicated the respec-
tive contributions of the speech-event vector and the silence-
event vector to the fMRI signals within a specific brain voxel.

Since a speech event represented a movie segment contain-
ing both visual and speech information, while a silence event
represented a movie segment containing only visual informa-
tion, the contrast between β1 and β2 reflected the isolated ef-
fect of speech on the fMRI signals. We constructed two con-
trasts, C1 = β1 - β2 and C2 = β2 - β1, and kept only positive
values for each. A larger C1 value indicated that a voxel was



more strongly activated by speech, while a larger C2 indicated
that it was more strongly activated by silence or deactivated by
speech. To account for the varying estimation uncertainty, each
brain voxel’s contrasts C1 and C2 were further transformed to
t-statistic values (T1 and T2) by applying the formula Ti= Ci

/ pooled standard error of β1 and β2. The T values could be
further used for statistical significance testing and developing
classification models [21]. Eventually, two whole-brain T-maps
were generated for each participant, with one containing T val-
ues indicating each brain voxel’s activation by the presence of
speech (i.e., Speech vs Silence T map) and the other containing
T values indicating deactivation by the presence of speech (i.e.,
Silence vs Speech T map).

Note that the regression model above also included head-
motion parameters as additional regressors. The purpose was
to regress out the undesirable influences of head motion on the
fMRI signals [22]. Additionally, a high-pass filter with a cutoff
period of 128s was applied to the fMRI signals to remove low-
frequency signals, and a first-order autoregression AR(1) was
used to control temporal autocorrelations.

3.2. Detection of Cognitive Decline

Language-related brain functions could change with cognitive
decline even before the emergence of overt NCD symptoms.
Therefore, we used the speech-related brain T-maps, together
with demographics that could influence cognitive ability (in-
cluding age, gender, and education year), as features to classify
participants’ cognitive status.

ML-based classification. According to subjects’ MoCA
scores (median= 20), we labelled them as the cognitive NOR-
MAL (MoCA > 20) or DECLINE (MoCA ≤ 20) group. The
training flowchart of ML-based classification is shown in Fig-
ure 2. For the brain T maps (i.e., Speech vs Silence T maps and
Silence vs Speech T maps), we only included brain voxels as
features if their Ci values were significantly greater than 0 (i.e.,
T values above the statistical significance threshold) across all
participants. We term these T maps as masked T maps. To
further reduce the dimension of features, we applied a two-step
feature selection procedure to the masked T maps. 1) Firstly,
we kept only those voxels with T values significantly correlated
with MoCA scores across all training participants (p of Pearson
correlation < 0.01). 2) Secondly, we applied a L1-penalty fea-
ture selection. Specifically, we used the SelectFromModel func-
tion of the sklearn toolkit, with the default threshold of 1e-5.
This function selected features based on the importance weights
from a linear Support Vector Classifier (SVC) model with L1
regularization penalty.

In this way, voxels that were redundant or contributed lit-
tle to the classification task were removed from the feature
set. Demographics features could also influence cognitive func-
tion [23]. They were also included as optional features without
feature selection. Finally, features were fed into an SVC (C =
1.0 as default) or Gaussian Naive Bayes (GNB) model for clas-
sifying participants into the binary cognitive status labels.

Experimental design. To evaluate the effectiveness of
the classification models, we conducted 500 iterations of strat-
ified shuffle-split cross-validation using the StratifiedShuffle-
Split function of the sklearn toolkit. In each iteration of cross-
validation, participants were split into a training set (95% of
the participants) and test set (5% of the participants). The two-
step feature reduction process (as described above) and the final
classifiers were fitted on the training set and then applied on the
test set. The performance was assessed using the area under the

Table 2: Performance (assessed using AUC) of models based
on different feature combinations for cognitive status classifica-
tion. AUC: area under the curve; SVC: support vector classi-
fier; GNB: Gaussian naive Bayes.

Feature
Combinations

SVC GNB

Mean Std. Mean Std.

Demogra. 0.730 0.252 0.755 0.246

Speech vs silence T-map 0.810 0.212 0.799 0.214
Demogra. with
speech vs silence T-map 0.828 0.200 0.822 0.213

Two T-maps 0.846 0.200 0.834 0.199

All features 0.862 0.178 0.852 0.195

curve (AUC) metric on the test set. The 500 iterations of cross-
validation resulted in an AUC distribution with 500 samples.

We compared the performance of different feature combi-
nations: 1) demographics only; 2) Speech vs Silence T-map fea-
ture only; 3) Speech vs Silence T-map and Silence vs Speech
T-map features; 4) demographics and Speech vs Silence T-
map features; and 5) all three types of features. To determine
whether a feature combination performed significantly better
than another, we conducted a Wilcoxon signed-rank test [24] on
their AUC distributions (a nonparametric statistical tests), using
the wilcoxon function in scipy toolkit.

4. Results and Discussions
4.1. T-maps’ Coverage of Language-related Brain Areas

To demonstrate that the Speech vs Silence T-maps extracted
from the movie-watching task (see Figure 3a) captured the ac-
tivity of brain regions associated with language processing, we
compared the distribution of voxels in the masked Speech vs
Silence T-map against a validated probabilistic functional atlas
of the language network (LanA) [25].

At the voxel level, the voxels within the masked Speech
vs Silence T-map overlapped with 78.25% of voxels in LanA
(with P > 0.1). At the brain region level (using labels from
the Harvard-Oxford atlas), voxels with P > 0.5 in LanA are
located within 17 brain regions, including 25% of voxels within
the superior temporal gyrus (STG), 29.9% within the middle
temporal gyrus (MTG), and 10.7% within the temporal pole.
The voxels within the masked Speech vs Silence T-map were
also mainly distributed within these three brain regions (refer
to Figure 3c). These results proved that 1) the movie-watching
task effectively activated the language-related brain regions, and
2) the Speech vs Silence T-map captured brain activity associ-
ated with language processing.

4.2. Results of Cognitive Status Classification

The average AUC of 500 stratified shuffle-split iterations is
shown in Table 2. As expected, the performance of models
based on demographic features was not bad, due to the influence
of age and education on cognitive abilities. The models based
on the Speech vs Silence T-map features were significantly bet-
ter than that based on demographic features (Wilcoxon test
p < 0.005). When combining demographics with Speech vs
Silence T-map features, the averaged AUC increased to above
0.82, which was significantly higher than models using only one
type of features (p < 0.005). These results indicated that the
T-map features additionally contributed to the detection of cog-



Figure 3: (a) An example Speech vs Silence T-map in three different view perspectives (from a female subject with age = 63 and MoCA
score = 24). (b) The probabilistic map showing the probability (out of 500 times of experiments) of each voxel being selected after the
step-1 feature selection, with green markers representing the top three most frequently selected voxel clusters after the step-2 feature
selection. (c) The distributions of voxels across brain regions before and after feature selections. (d) The scatter plot of T values from
the right STG and MoCA scores of 97 participants. L and R in (a) and (b) means the left and right hemispheres. MTG: middle temporal
gyrus. STG: superior temporal gyrus. OFG: occipital fusiform gyrus.

nitive decline on top of demographics.
Furthermore, the models combined with Silence vs Speech

T-map features (reflecting deactivation by the presence of
speech) also performed better than the demographics-only mod-
els (p < 0.05). The Silence vs Speech T-map covered brain re-
gions such as the posterior cingulate cortex and precuneus cor-
tex, which largely overlap with the Default Mode Network in
the brain that tends to be deactivated when a person is more
strongly engaged in cognitive tasks [26]. The models based on
all three types features achieved an average AUC above 0.85,
outperforming the models based on one or two types of features
(p < 0.05). These results suggest the benefits of integrating
demographics and language-related fMRI features (from brain
regions activated and deactivated by speech) for detecting cog-
nitive decline and early NCD.

4.3. Localization of Brain Areas

In each stratified split, only voxels significantly correlated with
MoCA score (step-1 feature selection) and contributed to cogni-
tive status classification (step-2 feature selection) were selected.
Across the 500 stratified shuffle-split iterations, the most fre-
quently selected voxels were located in the MTG, STG, and
cerebellum (see Figure 3b,c), and the top three were from the
left MTG, right STG and right cerebellum (see the green dots
in Figure 3b). The MTG [27] and STG (including the Wer-
nicke’s language area [28]) play a central role in language func-
tion, particularly language perception. The cerebellum has also
been shown to engage in various language processes, such as
listening comprehension and conversation tracking [29, 30].

These results indicate that the classification models were re-
lying on language-related brain function features to distinguish

cognitive status. This localization increases the interpretabil-
ity of the models. Overall, this study demonstrates the utility
of language-related fMRI features derived from the naturalis-
tic language-related movie-watching task in detecting cognitive
decline and in potentially detecting early NCD.

5. Conclusions

In this paper, we introduced and demonstrated the effectiveness
of a naturalistic language-related movie-watching fMRI task
for detecting cognitive decline and early NCD. The language-
related fMRI features (statistical T-maps) extracted from the
task, combined with demographics, achieved an averaged AUC
of 0.86 for classifying participants’ cognitive status. The data-
driven feature selection process identified the most useful fMRI
features as coming from brain areas (the MTG, STG, and cere-
bellum) tightly relevant to language processing. A limitation
of this study was that it focused solely on basic language per-
ception, without examining which sub-processes (e.g., semantic
processing [31], syntactic processing [32]) of language percep-
tion was most useful for detecting cognitive status and NCD.
Future studies should address this issue, as well as expand the
investigation to include language production [33]. Additionally,
future studies could examine whether the approach proposed in
this study is truly useful for classifying clinical NCD diagnoses.
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