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Abstract
Early diagnosis and intervention are crucial for mild cogni-
tive impairment (MCI), as MCI often progresses to more se-
vere neurodegenerative conditions. In this study, we explore
utilizing deep learning for MCI detection without loosing the
interpretability provided by feature-based approaches. We used
a dataset consisting of 90 MCI patients and 91 controls col-
lected via a remote assessment platform and analyzed the par-
ticipants’ spontaneous speech responses to the Patient Report
of Problems (PROP) which asks patients to report their most
bothersome general health problems. The proposed deep neural
network, which features a bottleneck layer including 13 inter-
pretable symptom domains, achieved an AUC of 0.62, thereby
outperforming a set of feature-based classifiers while ensuring
interpretability due to the bottleneck layer. We further illus-
trated the model’s interpretability by examining how the pre-
dicted PROP domains influence final predictions using Shapley
values.
Index Terms: multimodal dialog system, remote patient moni-
toring, mild cognitive impairment, interpretability

1. Introduction
Mild Cognitive Impairment (MCI) is a neurodegenerative con-
dition characterized by a decline in cognitive functions such
as memory, language, and attention that is greater than what
is expected based on the individual’s age and educational back-
ground but not severe enough to significantly impact daily func-
tioning nor meet the criteria for dementia [1]. It is estimated to
affect approximately 12% - 18% of people above age 60 and
about 10% - 15% of individuals with MCI go on to develop de-
mentia each year, a risk that increases as MCI progresses [2].
Detecting MCI in the early or preclinical stage is crucial in or-
der to start intervention and treatment, potentially slowing down
progression [3]. However, because of the heterogeneity of the
condition and the subtlety of the cognitive decline, MCI can be
difficult to detect, even for experts [4].

Several studies have demonstrated the utility of digital
biomarkers that can be measured non-invasively like speaking
rate, pitch, or prosody for the assessment of neurological
conditions like MCI [5, 6]. For instance, Themistocleous et
al. [7] achieved accuracies up to 0.83 using a set of Multi-Layer
Perceptrons on speech samples from a reading task, while
Fraser et al. [8] combined speech, language, and eye-tracking
features using late fusion and obtained an Area Under the
Receiver Operating Characteristic Curve (AUC) of 0.88.
Bertini et al. [9] utilized autoencoders to extract features from
spontaneous speech, achieving F1-scores of 0.85 and 0.91 using

data augmentation, while Vincze et al. [10] classified MCI and
mild AD using linguistic features, reaching accuracies of 0.71
and 0.80. Amini et al. [11] demonstrated the effectiveness of
transformer-based sentence encoders in predicting progression
of MCI to AD, outperforming traditional neuropsychological
tests. Finally, Ortiz-Perez et al. [12] developed a multimodal
architecture that integrated BERT embeddings and speech
features, achieving an Unweighted Average Recall (UAR) of
0.75 during cross-validation; however, performance dropped to
0.56 on an independent test set released later.

Although the results in the presented studies are overall
promising, there are several limitations. First, most of the used
datasets were relatively small raising the question whether the
results are generalizable [13]. Secondly, many of the studies
only analyzed a single modality, e.g. text or speech, instead of
combining information from multiple modalities. Finally, most
of the used datasets were collected in-lab or in-clinic under con-
trolled environments so that the developed models might not
work well for data collected in the wild. To address above lim-
itations, we recently collected 362 remote assessments from 90
people with MCI and 91 healthy controls, extracted a number
of facial, speech, text, and cognitive features from the collected
audio-video data, and provided a set of 13 features from differ-
ent modalities as input to a support vector machine (SVM) clas-
sifier achieving an AUC of 0.75 [14, 15]. While deep learning
models have outperformed more traditional feature-based meth-
ods on a wide range of tasks, we used the latter in our previous
study because the former are usually not interpretable which is
critically important for clinical applications.

However, recently Xu et al. [16] proposed a deep neu-
ral network (DNN) with a clinically-interpretable bottleneck
layer for assessment of dysarthric speech. Their model utilized
mel-spectrograms as input which were first processed through
two convolutional layers before being passed through an inter-
pretable bottleneck layer mapping the intermediate represen-
tation to four acoustic features characterizing dysarthria. The
model was trained to jointly learn these features and the final
classification label according to a weight parameter w, where
w = 1 and w = 0 put all weight on learning the final label and
the features in the bottleneck layer, respectively. Their model
improved upon a model without a bottleneck layer and a model
that included the bottleneck layer but was only trained to focus
on the classification task. Inspired by the work by Xu et al [16],
this paper aims to answer the following research questions:

1. How do DL models perform relative to traditional feature-
based models despite the usually relatively small datasets
available for different neurological conditions?

2. Can the integration of a bottleneck layer provide a similar
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level of interpretability as traditional feature-based methods?

To this end, we developed a DNN with a clinically-
interpretable bottleneck layer consisting of 13 symptom do-
mains for MCI detection, trained the model to predict the symp-
tom domains and final label using a joint multitask training
strategy, and compared its performance to a set of traditional
feature-based models. Additionally, we compared the effective-
ness of interpretable features with deep learning embeddings as
input to the DNN and examined how the predicted symptom do-
mains influence the final predictions using Shapley values [17].

2. Data
Our dataset includes a total of 181 participants, 90 (9 female,
81 male) MCI patients and 91 (9 female, 82 male) controls,
recruited via the U.S. Department of Veterans Affairs1 between
November 2023 and January 2024. The two cohorts were age-
matched with the mean age being 71.08 (SD = 9.1) years for
MCI patients and 71.3 (SD = 8.59) years for controls. 90%
of participants were male and only 10% were female reflecting
the fact that only about 10% of US veterans are female2. In
the control cohort, 92% identified as white, 5% as black, and
3% as others, while for MCI patients 80% identified as white,
16% as black, and 4% as others. The education levels between
cohorts were similar with 44% of the MCI patients and 35% of
the controls having an advanced degree, 47% of the patients and
60% of the controls having an undergraduate degree, and 9% of
the patients 5% of the controls having a high school degree or
General Educational Diploma. The study was approved by the
Institutional Review Board of the University of California, San
Francisco.

Each participant completed two assessments one week
apart administered through a remote assessment platform [18,
19]. In order to qualify, participants had to comply with a set of
inclusion and exclusion criteria. They had to be be at least 55
years old, able to consent and e-sign, have a valid phone num-
ber and email, able to read and speak in English, and have ac-
cess to a smartphone, tablet, or PC with internet connection and
webcam. At the same time, they could not be diagnosed with
dementia, had cognitive impairment due to cerebrovascular dis-
ease, head trauma, chronic or active abuse of alcohol, opioid, or
methamphetamines, Parkinson’s disease, schizophrenia, bipolar
disease, or major depressive disorder, or used benzodiazepines,
non-BZD receptor modulator sleeping medications, drugs for
the treatment of Parkinson’s disease such as levodopa, or an-
tipsychotics. MCI patients had to meet the criteria for at least
two MCI diagnoses according to the ICD-10.

Assessments included 23 structured tasks designed to elicit
certain speech, facial, and cognitive behaviors. In this study, we
chose to focus on a specific spontaneous speech task, namely
the Patient Report of Problems (PROP), which comprises of
several open-ended questions that asks individuals to report and
rank up to five bothersome problems and their impacts on daily
functioning [20]. We selected this task because the participants’
responses have direct clinical utility and can therefore be used
to obtain ground truth values for the bottleneck layer (see Sec-
tion 3). Additionally, the PROP responses are ideal for extract-
ing both BERT and wav2vec 2.0 embeddings as responses are
natural, individual, and of sufficient duration.

1https://www.usa.gov/agencies/
u-s-department-of-veterans-affairs

2https://www.va.gov/vetdata/veteran_
population.asp

Table 1: Overview of interpretable speech and text features.

Domain Feature

Sp
ee

ch

Energy shimmer, intensity (dB), signal-to-noise ratio (dB)

Timing
speaking and articulation duration (sec.),
speaking and articulation rate (WPM)
percentage pause time, canonical timing agreement

Voice quality Cepstral peak prominence, CPP (dB)
Harmonics-to-noise ratio, HNR (dB)

Frequency
mean, max., min fundamental frequency F0 (Hz)
first three formants F1, F2, F3 (Hz)
slope of 2nd formant (Hz/sec.), jitter

Te
xt Lexical

word count, percentage of content words, noun rate,
verb rate, pronoun rate, noun-to-verb ratio,
noun-to-pronoun ratio, closed class word ratio

Semantic Idea density

3. Methods
Input Features For each modality, we explored two types of
input features for both the baseline and proposed models: in-
terpretable features (Table 1) and contextualized deep learning
embeddings. The interpretable text features were obtained by
first transcribing the speech recordings using Amazon Tran-
scribe3 and then computing the features using SpaCy4. Speech
features were extracted from the original speech recordings us-
ing Praat [21] and Kaldi [22]. For text embeddings, we
used BERT embeddings [23] using a pre-trained BERT-base-
uncased tokenizer and model from Transformers 4.41.2.
[24]. The process involved tokenizing the transcriptions, adding
special [CLS] and [SEP] tokens, and passing the tokenized
input through the model. We then extracted the final hidden
state associated with the [CLS] token, resulting in a 768-
dimensional vector representing the entire text sequence. For
speech embeddings, we used wav2vec 2.0 embeddings5 [25]
using a pre-trained feature extractor, processor, and model from
Transformers 4.41.2 [24]. We preprocessed the speech by
combining recordings from different parts of the PROP into a
single file, standardizing the length to 60 seconds through zero-
padding or trimming, and downsampling from 48 kHz to 16
kHz using librosa 0.10.26. The preprocessed speech was
then passed through a feature extractor to generate input rep-
resentations for the pre-trained model. Unlike the text embed-
dings, where we used the [CLS] token’s final hidden state, we
represented the entire speech sample by calculating the mean
of the final hidden states across the time dimension, following
standard speech processing practices [26].

Baseline Models We first performed 10 random splits
of 5-fold cross-validation on a set of baselines applying ma-
chine learning classifiers available in scikit-learn 1.5.0 [27], in-
cluding Support Vector Machine (SVM), Logistic Regression
(LR), Multi-Layer Perceptron (MLP), and Random Forest (RF),
across three modalities: text, speech, and multimodal.

Proposed Model We developed a DNN (Figure 1) inspired
by the idea of concept bottleneck models [28] and the integra-
tion of clinically-interpretable features in the bottleneck layer
[16]. The first part consists of encoders that generate embed-
dings using pre-trained BERT [23] and wav2vec 2.0 [25] mod-
els. For the multimodal experiment, the BERT and wav2vec
2.0 embeddings are then concatenated and passed through fully
connected layers. The bottleneck layer that maps the interme-
diate representations to the concepts is followed by a fully con-

3https://aws.amazon.com/transcribe/
4https://spacy.io/
5https://huggingface.co/facebook/

wav2vec2-base-960h
6https://zenodo.org/records/4923181
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Figure 1: The multimodal version of the DNN architecture. First, the speech recording is transcribed using Amazon Transcribe. Then,
contextualized embeddings are extracted from the transcription using BERT and the speech recording using wav2vec 2.0. The two
embeddings are concatenated to form a 1536-dimensional vector which is passed through three fully connected layers, a bottleneck
layer that maps the intermediate representation to the interpretable features, a fully connected layer, and finally an output layer with a
sigmoid activation for binary classification into MCI or control.

nected layer. Finally, the output layer predicts the binary label.
The model is trained using a joint, multitask training strategy
that employs a custom loss function that combines binary cross-
entropy for final classification and prediction of the bottleneck
concepts:

Ltotal = w · Lclassification + (1− w) · Lbottleneck (1)

where w is a weighting factor balancing the importance of the
binary classification and the predicting the bottleneck features.
The ground truths of the concepts in the bottleneck layer are
one-hot encodings of 13 clinically validated symptom domains,
including Pain, Gait, Other Motor, Psychiatric, Cognition, Au-
tonomic Dysfunction, Sleep, Postural Instability, Rigidity, Fa-
tigue, Bradykinesia, Tremor, and Fluctuations. Each domain
covers a number of symptoms which are inferred from the self-
reported problems using a neural network with two hidden lay-
ers developed by Marras et al. [29] who trained it on 168,260
self-reported problems collected from about 25,000 Parkinson’s
Disease patients and achieved an accuracy of 95%.

To investigate the impact of different input modalities, we
conducted the following experiments:

1. Text: Using 768-dimensional BERT embeddings extracted
from transcriptions of the PROP responses.

2. Speech: Using 768-dimensional wav2vec 2.0 embeddings ex-
tracted from the first 60 seconds of the speech recordings.

3. Multimodal: Using 1536-dimensional multimodal embed-
dings (text and speech) obtained through concatenation of
BERT and wav2vec 2.0 embeddings.

We performed hyper-parameter optimization using
hyperopt 0.2.7 [30] on the following hyper-parameters:
learning rate (log-uniformly sampled between 1e-5 and 1e-2),
layer dimensions ([256], [512, 256], or [512, 256, 128] with
an optional layer of 32, 64, or 128 neurons), dropout rate
(uniformly sampled between 0.1 and 0.3), batch normalization
(True or False), batch size (16, 32, or 64), optimizer (Adam,
SGD with momentum, or RMSprop), and learning rate
scheduler (None, ReduceLROnPlateau, or StepLR);
each model was optimized separately over 10 epochs and a
maximum of 100 evaluations, using AUC on the validation set
as the optimization metric.

Following hyperparameter optimization, the models were
trained for 50 epochs. Our model training was conducted on

an NVIDIA Tesla T4 GPU with 16 GB of memory. To ensure
robust model evaluation and mitigate data leakage, we used a
stratified group 5-fold cross-validation approach. During each
iteration, we collected predictions from each fold and computed
metrics only after all folds had been evaluated. This allowed us
to calculate scores on the entire dataset, rather than averaging
scores across folds. We repeated the cross-validation 10 times
using different random seeds to measure the variance of the
model’s performance across different splits to obtain a more ro-
bust evaluation following guidelines from Varoquaux et al. [31].

4. Results
Classification Table 2 shows the classification results across
different modalities and values of w. The multimodal DNN
achieved the best performance with a peak AUC of 0.620 at
w = 0.9 and a peak accuracy, precision, and recall of 0.588,
0.591, and 0.588, respectively, at w = 0.8. The performances
of the multimodal DNN at w = 0.4, 0.5, 0.6, 0.7 and 0.8 are
not statistically significantly different from that of the configu-
ration at w = 0.9, based on a Bonferroni-corrected Dunn’s test
following a non-parametric Kruskal-Wallis test that showed sta-
tistically significant differences among the groups (p < 0.001).
Notably, the multimodal DNN outperformed both the text (p =
0.004) and speech (p = 0.03) DNNs. The text DNN yielded
the highest performance at w = 0.5 with an accuracy of 0.554
and AUC of 0.546, whereas the speech DNN showed the high-
est performance at w = 0.9 with an accuracy of 0.555 and AUC
of 0.580. The precision and recall values generally followed
similar trends to accuracy and AUC across different w values
for all DNNs.

The proposed model showed a statistically significant im-
provement over the best baseline model, logistic regression us-
ing multimodal embeddings (p = 0.008), while for the baseline
models multimodal embeddings performed significantly better
than the interpretable speech features (p = 0.002) (Table 3).
However, the modest effect size underscores the inherent com-
plexity of the task. Generally, the performance of the DNN
models increased with w because more weight is put on learn-
ing to distinguish MCI patients from controls. However, the
best performance was not achieved at w = 1.0 suggesting that
only focusing on the final classification may overlook valuable
information encoded in the bottleneck features, which are es-
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Table 2: Results of DNN experiments using PROP domains as the bottleneck layer on the binary classification task of MCI/control.
The table shows the average Accuracy (Acc.), Precision (Prec.), Recall (Rec.), and Area Under the Curve (AUC) obtained across 10
splits of 5-fold cross-validation for different values of w. Scores that did not show statistically significant differences to the best AUC,
according to a Bonferroni-corrected Dunn’s test following a Kruskal-Wallis test, are marked in bold.

Text Speech Multimodal

w Acc. Prec. Rec. AUC Acc. Prec. Rec. AUC Acc. Prec. Rec. AUC

0.1 0.532 0.512 0.532 0.508 0.505 0.478 0.505 0.457 0.518 0.526 0.518 0.529
0.2 0.5217 0.539 0.517 0.487 0.505 0.461 0.505 0.458 0.518 0.529 0.518 0.539
0.3 0.534 0.544 0.534 0.510 0.514 0.493 0.514 0.466 0.536 0.547 0.536 0.552
0.4 0.533 0.560 0.533 0.511 0.513 0.509 0.513 0.497 0.554 0.568 0.554 0.575
0.5 0.554 0.591 0.554 0.546 0.536 0.534 0.536 0.540 0.559 0.567 0.559 0.591
0.6 0.539 0.536 0.539 0.518 0.525 0.518 0.525 0.513 0.583 0.591 0.583 0.611
0.7 0.541 0.508 0.541 0.515 0.551 0.552 0.551 0.563 0.581 0.585 0.581 0.616
0.8 0.532 0.501 0.532 0.506 0.553 0.553 0.553 0.563 0.588 0.590 0.588 0.619
0.9 0.529 0.485 0.529 0.502 0.555 0.561 0.555 0.580 0.586 0.587 0.586 0.620
1.0 0.516 0.288 0.516 0.445 0.545 0.544 0.545 0.564 0.510 0.358 0.510 0.455

Table 3: AUC values averaged across 10 splits of 5-fold cross-
validation for each baseline experiment. The scores that did
not show statistically significant differences to the best AUC of
0.58, according to a Bonferroni-corrected Dunn’s test following
a Kruskal-Wallis test, are marked in bold.

Experiment SVM LR MLP RF

Text features 0.51 0.53 0.51 0.51
BERT embeddings 0.57 0.57 0.56 0.56
Speech features 0.49 0.51 0.50 0.56
wav2vec 2.0 embeddings 0.45 0.53 0.54 0.52
Multimodal features 0.51 0.52 0.54 0.55
Multimodal embeddings 0.52 0.58 0.58 0.57

sential to capture the underlying complexities of the data. Shift-
ing some focus away from optimizing the final prediction may
also act as a form of regularization to help avoid overfitting.

Shapley values Using the DeepExplainer from shap
0.46.0 [32], we calculated the Shapley values for the bottleneck
features to understand their impact on the final output of the best
model (w = 0.8). We selected a representative background
dataset of 100 samples from the training data. By averaging
the Shapley values across all samples, we obtained a measure
of the average contribution of each bottleneck feature to the
model’s predictions. We then sorted the features based on their
absolute Shapley values to identify the most influential ones on
the final prediction (Figure 2). We observed that Pain had the
highest Shapley value indicating that this symptom domain had
the strongest influence on the model’s predictions. This was
followed by Gait and Cognition suggesting these features also
played significant roles in distinguishing MCI from controls.
All averaged Shapley values were positive and relatively small
suggesting that increases in these features generally contributed
to a higher likelihood of MCI classification but also that their
influence was modest overall.

5. Discussion
The results show that combining text and speech in the form
of BERT and wav2vec 2.0 embeddings performs statistically
significantly better than either of the modalities alone when
given as input to the proposed DNN. However, when the em-
beddings are given as input to a less complex model such as
Logistic Regression, we only observe statistically significant
differences between speech and multimodal embeddings. Addi-
tionally, the proposed DNN model achieved better performance
than the baseline models. Finally, the introduction of the bot-

Figure 2: Shapley values for the 13 domains, computed for the
multimodal DNN with w = 0.8, indicating their impact on the
final output. Higher values indicate larger influence.

tleneck layer did not only enhance the interpretability of the
model by indicating which symptom domains are most relevant
to distinguish MCI patients and controls but also improved the
classification performance of the DNN model.

While the results show that DL models outperform tradi-
tional feature-based models despite the relatively small dataset
and can provide a similar level of interpretability when using a
bottleneck layer, there are several limitations and directions for
future work. First, participants were only recruited from the US
veteran population with its specific characteristics and while the
number of participants was higher than in many other studies it
might still be relatively small to fully leverage the potential of
DL models. Second, we only used a single task and two modal-
ities, i.e. text and speech, in this study, although other tasks
and features extracted from video have shown the strongest sig-
nal in a previous study that used the same dataset. Finally, we
did not fine-tune the pre-trained BERT and wav2vec 2.0 mod-
els on domain-specific data, which could potentially enhance
their ability to capture subtle language and speech changes as-
sociated with MCI. In future work, we will explore the use of
different concepts in the bottleneck layer and alternative train-
ing strategies, such as sequential or independent strategies, to
potentially improve upon the joint multitask strategy. Fur-
thermore, we will evaluate our approach on conditions where
speech impairments are more pronounced, such as Parkinson’s
Disease, and also evaluate its utility in longitudinal studies to
track the progression of speech and language changes over time.
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