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Abstract

:

While extensive research has documented the cognitive changes associated with Parkinson’s disease (PD), a relatively small portion of the empirical literature investigated the language abilities of individuals with PD. Recently, artificial intelligence applied to linguistic data has shown promising results in predicting the clinical diagnosis of neurodegenerative disorders, but a deeper investigation of the current literature available on PD is lacking. This systematic review investigates the nature of language disorders in PD by assessing the contribution of machine learning (ML) to the classification of patients with PD. A total of 10 studies published between 2016 and 2023 were included in this review. Tasks used to elicit language were mainly structured or unstructured narrative discourse. Transcriptions were mostly analyzed using Natural Language Processing (NLP) techniques. The classification accuracy (%) ranged from 43 to 94, sensitivity (%) ranged from 8 to 95, specificity (%) ranged from 3 to 100, AUC (%) ranged from 32 to 97. The most frequent optimal linguistic measures were lexico-semantic (40%), followed by NLP-extracted features (26%) and morphological consistency features (20%). Artificial intelligence applied to linguistic markers provides valuable insights into PD. However, analyzing measures derived from narrative discourse can be time-consuming, and utilizing ML requires specialized expertise. Moving forward, it is important to focus on facilitating the integration of both narrative discourse analysis and artificial intelligence into clinical practice.
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1. Introduction


Parkinson’s disease (PD) is a lifelong chronic progressive neurodegenerative disease primarily caused by a loss of dopaminergic neurons in the nigrostriatal pathway as a result of massive neuronal degeneration of the basal ganglia structures (e.g., substantia nigra pars compacta, striatum, putamen) [1,2]. The clinical picture of PD is characterized by motor (bradykinesia, rigidity, resting tremors, and postural instability) and non-motor symptoms, i.e., sleep disturbances, affective and behavioral disturbances, autonomic dysfunctions, cognitive deficits affecting executive functions, memory and learning, and visuospatial abilities [3]. In addition, speech and language disorders may be present, in particular, motor speech disorders affecting articulation and intelligibility of speech, such as hypokinetic dysarthria. However, language impairments are also commonly reported in almost 50% of patients [4,5], irrespective of changes in motor speech [6], cognitive decline, or motor symptoms [7]. This is not surprising considering that the main neural structures affected in PD are the frontostriatal networks (disruptions along basal ganglia–thalamo-cortical motor circuits), which play a crucial role in language formulation and processing [8,9,10].



Patients with PD can manifest both basic and complex language production difficulties [11], ranging from single-word levels such as lexical retrieval difficulties [12,13,14] and verbal fluency deficits, especially in those tasks involving action words or action fluency to narrative discourse production [15,16,17,18,19,20,21,22,23,24]. Concerning narrative discourse, patients with PD, although able to produce a similar number of words and well-organized phrases as control subjects, manifest fluency disruptions in various ways, such as incomplete utterances, extended breaks within or between sentences, or filled or unfilled pauses [25], that can be ascribed to challenges encountered in idea generation, preparation, and the initiation of discourse, as well as difficulties during motor programming and articulation [26]. There are also deficits in grammatical formulation, more than syntactical, and fewer contents of narrative speech [7,25,27].



Artificial intelligence has proven to be a new and effective way of supporting the analysis of multivariate complex and huge data, providing classifications of individual subjects. Machine learning (ML) is a field of artificial intelligence that exploits sophisticated computational methods capable of automatically categorizing subjects for diagnostic purposes [28]. In the field of neurodegenerative diseases, ML was applied first to support neuroimaging analysis [29] and biological data [30] and, more recently, to neuropsychological data [31,32], with high classification performances, especially in sensitivity/specificity. Diverse methodologies centered around speech signals and advanced ML frameworks were explored in PD, providing a user-friendly, contextually relevant, and unbiased framework for gathering clinically applicable data [33,34]. Although language has been less studied in PD patients, studies on the application of artificial intelligence to linguistic data are increasingly emerging, considering the evidence that supports the classification of patients with Alzheimer’s Disease when using language measures [35].



First, we aimed to analyze and summarize all studies reporting linguistic measures extracted with an ML approach for classification and clinical diagnosis in PD by reviewing studies comparing patients with PD to controls. Thus, we selected the included studies based on predetermined inclusion criteria, and then we highlighted and compared the main characteristics of these works, including the methodological approaches adopted. Given the fact that we expect some heterogeneity in language outcomes, the second aim of this study was to investigate which PD features were the optimal predictors in the classification of PD vs. controls. Finally, we discuss the importance of a better characterization of a language profile in these patients, which would contribute to a more fine-grained phenotyping, differential diagnosis, and tailored interventions in patients with PD.




2. Materials and Methods


2.1. Search Strategy and Selection Criteria


This systematic review was conducted on papers published on the use of ML applied to the automatic classification of PD through linguistic features. The protocol of this study was not registered. This work was performed and reported following Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines [36]. The PICOS approach was used to identify the studies to be included in the review. Criteria for including or excluding papers were determined a priori. Papers were considered for inclusion only if (a) they were written in full-text English language in a peer-reviewed journal; (b) they were published without a predetermined initiation date, allowing for inclusion of relevant literature published prior to our search on 27 November 2023; (c) they included subjects with a primary diagnosis of PD according to current clinical criteria of the UK Parkinson’s Disease Society Brain Bank [2]; and (d) they included linguistic measures for the classification. Articles were excluded if (a) linguistic measures were not included in the classification process, (b) there was no classification of patients with PD vs. healthy subjects (HC) performed, (c) they could not provide any classification performance, (d) they considered only non-linguistic tasks, (e) they considered only speech features, and (f) they considered subjects with a history of other neurological or psychiatric disorders such as Alzheimer’s Disease or atypical parkinsonism. Two authors screened the publications on their relevance for the review. The final resulting papers were considered eligible for review.




2.2. Information Source and Search


A comprehensive search strategy was designed with the assistance of a librarian, using a combination of keywords and medical subject headings (MeSH). Two of the authors (CP, SA) independently conducted an extensive literature search using the following databases: MEDLINE, CINAHL, and PsycINFO. The search was concluded on 27 November 2023. The search strategy based on the PICOS approach was applied following five concepts: (1) Patient, defined as subjects with PD; (2) Intervention, defined as the linguistic measures used as classifiers; (3) Comparison, defined as the clinical diagnosis of PD; (4) Outcome, defined as the predicted outcome, which was, for example, “discrimination of PD patient from healthy subjects”; and (5) Type of the study, which should be “longitudinal studies” or “nested case-control studies”. The search strategy was formed around three concepts: “PD”; “linguistic data” and “machine learning”. Synonyms within each concept were combined with OR Boolean operator, and terms between concepts were combined with AND Boolean operator. The following keywords (with both extended names and abbreviations) were used for the literature search: ((“Parkinson’s disease”) AND (“language assessment” OR “linguistic measures” OR “language test” OR “linguistic analysis” OR “linguistic features” OR “language”) AND (“machine learning” OR “deep learning” OR “artificial intelligence” OR “automated”)). In order to increase the likelihood that all the potentially relevant studies were identified, further papers were included by the two authors from a manual search, starting from the lists of references of previously retrieved articles.




2.3. Study Selection


The study selection was carried out by two reviewers (CP, SA), independently. The studies retrieved by the search strategy were first screened based on the titles and then selected by one of the two reviewers (CP) based on abstracts. One additional reviewer (PB) independently revised the list of potential articles based on abstracts. The articles considered to be potentially eligible were then evaluated in detail by the same reviewer for quality assessment, and any unresolved issues were discussed with CS. These papers were checked by studying the full text to exclude papers that did not meet inclusion criteria when this was not directly clear from the title and abstract. All articles reporting data that could be appropriately pooled were included in the quantitative analysis. Specifically, we restricted our analysis to those papers that reported at least one measure of the automatic classification performance among accuracy, sensitivity, specificity, Area Under the ROC Curve (AUC), precision, and F1-score.




2.4. Data Extraction Strategy


The data collected from each article were categorized as information on the first author and year of publication, the size of cohorts, the performed task, the methods used for linguistic analysis, the linguistic measures used as input for the ML algorithm clustered according to the linguistic level; the classification algorithm; the classification performance in terms of study-specific accuracy, study-specific specificity, study-specific sensitivity, study-specific AUC, study-specific precision, and study-specific F1-score; and optimal predictors extracted from the ML analysis grouped according to their linguistic level. To classify the optimal predictors, we considered linguistic levels, i.e., phonetic and phonological, lexico-semantic, morphosyntactic, and discourse and pragmatic, based on the role they play in the narrative speech, respectively, sound and/or phoneme, word, sentence, or discourse. Features related to the age at which a word and its meaning were first learned or the property of a word to elicit a mental image, visual representation, or other sensory experience (psycholinguistic) were classified as lexico-semantic. However, some of the extracted predictors cannot be included at a specific linguistic level as they are engineering features derived from deep learning analysis methods: from here on, we will refer to them as NLP-extracted features. These are word embeddings that capture both semantic and syntactic word information by placing vectors of words similar in meaning closer together in a vector space. Also, sentiment scores deriving from NLP sentiment analysis cannot be classified into one of the linguistic levels, as they refer to the emotional tone of a text (e.g., sentiment). Finally, some features refer to statistical functions calculated on Part-of-the-Speech tag probability scores, which indicate the estimated probability that a part of speech has a specific attribute and value (morphological consistency). Table 1 summarizes and reports a definition of each defined level.




2.5. Risk of Bias in Individual Studies


Following the Cochrane guidelines, the Quality Assessment of Diagnostic Accuracy Studies (QUADAS) tool [37] was used to assess the methodological quality and the risk of bias of each study. This quality assessment allowed classifying studies as having low, high, or unknown risk of bias. We used a high-quality report subgroup for meta-analyses.





3. Results


3.1. Study Selection


All the phases of the selection process are shown in the PRISMA flow diagram in Figure 1. The literature search yielded 94 papers from electronic databases, and eight more papers were included in the reference list of previously retrieved articles. A total of 102 papers were identified. Moreover, 13 papers were removed before screening because they were duplicates. A total of 89 papers were screened. One document was excluded because it was an abstract from a meeting and relevant information was missing, which left 88 records. Another 72 papers were further excluded because (a) they focused on a different topic, (b) automatic classification was not performed, (c) different populations were investigated, (d) no linguistic measures were provided. At this point in the screening, there were 16 papers left. At this step, three papers were excluded because they did not provide linguistic measures; one paper was excluded because it did not perform an ML classification; two papers were excluded because the control group was missing, and the comparison was made within the same group of patients with PD in two different medication states or with other neurodegenerative disorders (e.g., Progressive Supranuclear Palsy). Finally, 10 papers were selected as eligible, which were, therefore, included in this review (Figure 1).




3.2. Study Characteristics


Table 2 shows papers included in the systematic review and reports the sample size, categories (e.g., PD vs. HC), the linguistic task employed in the study, the linguistic analysis method, the linguistic measures used as input to train the ML algorithm adopted, the performance measures (in terms of accuracy, sensitivity, specificity, Area Under the ROC Curve (AUC), precision, and F1-score), and linguistic features extracted from the ML algorithm as optimal predictors for the classification task.



The final search retrieved 10 papers. The majority of papers (9 out of 10) focused their analysis on the comparison between PD and HC, one of which also differentiated between healthy younger subjects and healthy older subjects. One paper made a distinction between Mild Cognitive Impairment (MCI) and PD without MCI [47].



Concerning the other studies, the comparison was made between PD and HC; the median (range) of the cohort size was 51 (20–88) for patients with PD and 50 (16–88) for HC. Notably, one study did not report the sample size for patients with PD [46]. In these papers, cohorts included native speakers of different languages: Japanese, Colombian and Castilian Spanish, British and American English, German, and Czech.



In the selected studies, linguistic measures used to train the ML model were extracted from the transcriptions of spontaneous speech, connected speech, and retelling tasks and analyzed using statistical and word-embedding techniques. More specifically, in most cases, participants were asked to talk about their daily routine [25,38,39,40,43,44,45]. Other studies used semi-structured interviews where subjects were questioned about their favorite food and their interests, jobs, and families to elicitate spontaneous discourse [38,41]. A study conducted by Jessiman and colleagues [46] used two different tasks: in the first, participants were asked to produce scripts for 10 selected everyday activities, and in the second, participants were asked to provide directions to arrive at 5 familiar destinations. The study by Favaro et al. (2023) [41] reported results from the connected speech “Cookie Theft” picture description task. Only Garcìa and colleagues [42] developed ad hoc linguistic tasks to assess the presence of specific language disorders related to verbs, namely the “action” text task that assesses verbs related to the characters’ bodily movements and the “non-action” text that focuses on verbs expressing characters’ feelings, thoughts, and perceptions. Participants were asked to read the texts silently and to retell the story in their own words.



Regarding the linguistic method analysis employed by the included studies, transcriptions were analyzed by Natural Language Processing (NLP) methods. NLP refers to a branch of artificial intelligence that makes a computer capable of analyzing, representing, and then understanding text and spoken words in the same way that humans do [48,49]. NLP combines computational linguistics with statistical, ML, and deep learning models. In the selected studies, several NPL methods were used: (1) tokenization and part-of-speech tagging, consisting of splitting sentences or words into semantically useful units called “tokens” and giving each token a label indicating its speech category [25,38,41,43,44,45,46]; (2) dependency parsing, used to analyze the grammatical structure in a sentence and define the relationships between words [38,46]; (3) named entity recognition, employed to detect and categorize important information in texts; (4) semantic similarity between sentences, used to exploit word embeddings, that are representations of words in the form of numerical vectors capable of capturing context-dependent linguistic similarities [25,40,42,44]; (5) sentiment analysis used to identify positive or negative emotions in a text [46].



The most frequently used ML algorithm for automated classification was the Support Vector Machine (SVM), used in 8 out of 10 papers [25,38,40,41,42,43,44,45]. Other ML algorithms frequently used were Random Forest (RF) [41,44,46], 1D-Convolutional Neural Networks (1D-CNN) with fully connected layer [39,40], Logistic Regression (LR) and Stochastic Gradient Descent (SGD) [43], K-nearest neighbors (KNN) [25,41], Boosting (BG) and Extreme Gradient Boosting (XGBoost) [41], Ada Boost, Linear Discriminant Analysis (LDA), and Naive Bayes (NB) [25].



Furthermore, within the same study, multiple models were compared to identify the best classifier chosen based on its performance, in 4 out of 10 papers [25,38,42,43] identified the SVM as the best model, 1D-CNN [39,40], RF [43,44], XGBoost [41], LR [43], SGD [43], and KNN [25].




3.3. Risk of Bias within Studies


The risk of bias associated with studies, as well as the comments of the authors concerning the seven domains of the QUADAS tool, was assessed. Figure 2 shows the QUADAS-2 domains assessed for the studies included in the review. All studies achieved low concerns regarding applicability because the characteristics of patients, the setting, the conduction and interpretation of the index test, and the target condition as defined by the reference standard matched the review question.



Regarding the assessed domains, all studies presented a high risk of bias about the appropriateness of the reference standard (e.g., none of the included studies used neuropathological data as their gold standard for the diagnosis); most of them did not provide enough information about patient selection (6/10) and flow and timing (8/10). Since measures used as the gold standard for the diagnosis were independent of measures used as input for ML algorithms’ training, all studies achieved a low risk of the appropriateness of the index test.



The risk of bias tools highlighted the following limitations:




	
There was no mention of post-mortem analysis for diagnosis confirmation in any of the studies;



	
Only two studies included sufficient details about the selection process and reported that inappropriate exclusions were avoided [38,43]. Concerning sample enrollment, in one study, part of the HC subjects were recruited via convenience sampling [46], while in another paper, the authors did not specify the database they used for the study [40];



	
Only one study mentioned that all participants recruited were included in the analysis [43].









3.4. Results of the Systematic Review


The results of our systematic review were obtained from papers grouped in Table 2. The violin plots in Figure 3a graphically show performance results regarding Accuracy, Sensitivity, Specificity, AUC, Precision, and F1-score in PD-vs-HC classification. In Figure 3b, the bubble chart displays model distribution according to sensitivity and specificity performance metrics with respect to the proportional sample size dimension.



Furthermore, the optimal predictors identified in the classification task under study are graphically summarized in the lollipop plot shown in Figure 4a, whereas the chord diagram in Figure 4b shows the connection between optimal predictors when reported in the considered models.



As shown in Figure 3a, focusing on the selected papers, the classification accuracy (%) ranged from 43 to 94, sensitivity (%) from 8 to 95, specificity (%) from 3 to 100, AUC (%) from 32 to 97, and F1-scores (%) from 21 to 85. The best classifiers’ accuracy (%) ranged from 49 to 89, sensitivity (%) from 20 to 90, specificity from 10 to 90, AUC from 55 to 94, precision from 73 to 94, and F1-score from 49 to 82. Figure 3b highlights that most of the models reported in the selected papers presented either high sensitivity or specificity, and only a few presented a Specificity higher than Sensitivity or the opposite, without any influence of the sample size used in the training, validation, or testing phase.



Garcìa and colleagues [42], as previously reported, besides performing the PD vs. HC classification task, wanted to highlight linguistic profile differences between PD-MCI vs. HC and PD-nMCI vs. PD-MCI. In PD-MCI vs. HC, the classification accuracy (%) ranged from 47 to 85, specificity (%) from 29 to 85, sensitivity (%) from 28 to 97, AUC (%) from 49 to 93, and F1-score from 42 to 84. When comparing PD-MCI vs. PD-nMCI, the classification accuracy (%) ranged from 59 to 69, specificity (%) from 63 to 90, sensitivity (%) from 20 to 75, AUC (%) from 53 to 82, and F1-score from 44 to 67. In contrast, Jessiman and colleagues [46], beyond performing the binary PD vs. HC classification, subdivided HCs in young (HYA) and older adults (HOA) according to their age, respectively, 27.2 years and 69.1 years, and found that the HYA vs. HOA vs. PD classification accuracy (%) was 63 at the participant level and 59 at the document level. Moreover, two studies considered either patients with PD or HC subjects with different native spoken languages [41,43]. Specifically, in Favaro and colleagues [41], there were American English, Castilian Spanish, Colombian Spanish, German, and Czech PD and HC populations. The best PD vs. HC accuracy classification was achieved in the Castilian Spanish population using the XGBoost model (85%), whereas the lowest was in the Czech population (43%). In Eyigoz and colleagues [43], there were Spanish, German, and Czech PD vs. HC populations. The best PD vs. HC accuracy classification was achieved in the Czech population (94%), whereas the lowest was in the Spanish one (65%). There was much heterogeneity among the linguistic measures used in the studies; thus, it was useful to group them according to a specific linguistic category. Linguistic measures extracted from transcriptions through NLP methods and used to train ML models, as well as those selected as optimal predictors for the ML classification task, are shown in detail in Table S1 of the Supplementary Materials.



The linguistic measures most frequently used as input for the classification and with good overall accuracy were lexico-semantics, such as different words or parts of speech frequency [25,41,44,45,46], different parts of speech ratio or type/token ratio [38,43,46], and NLP-Extracted features [25,39,40,42,44,46]. Other frequently used measures belong to the morphosyntactic level (e.g., number of sentences, dependency distance, and sentence length [38,41,43,46]). The majority of the included papers identified features with greater discriminatory power in PD vs. HC classification [25,38,39,40,42,43,44,45]. In Figure 4a, the ranking of the optimal predictors found is shown; the most frequent (≥25% frequency) were lexico-semantic features and NLP-extracted features. Lexico-semantic features included subordinating conjunctions [25,43], verb ratio and verb utterance ratio [38], proper nouns and proper noun utterance ratio [38,43], personal pronouns [43], general noun utterance ratio [38], negative markers [25], words frequency [44], and morpheme prefixes [45]. NLP extracted features were verb embeddings [39,42], word embeddings [40], and semantic components [25]. Three ML models found morphological consistency to have good discriminating power [43]. This study included proper nouns skewness and present tense verbs mean for Spanish; neuter gender pronouns kurtosis, verb person not specified skewness, determiner in accusative case skewness, feminine nouns standard deviation for German, and person not specified skewness, 2nd most frequent variant kurtosis, and masculine gender skewness for Czech. One model identified morphosyntactic features as optimal predictors, in particular, the case particle ratio dispersion [38]. Only one model highlighted the filler utterance ratio among the optimal predictors, a measure that belongs to the phonetic and phonological levels [38]. In a few other studies, the optimal predictors were not reported, as the authors aimed to identify the best methodological combination consisting of an ML model and a linguistic representation method, which better discriminates PD from HC [41,46].



Lastly, when exploring the connections between optimal predictors, NLP-extracted features mostly occur alone as optimal predictors (4 out of 11 considered models reporting the optimal predictors), as well as lexico-semantic features (3 out of 11); the association between lexico-semantic and morphological-consistency features as optimal predictors occurs two times (Figure 4b).





4. Discussion


The aim of this review was to examine the existing literature rregarding the ML contribution and language measures in classifying patients with PD and to report the results of selected studies in terms of optimal predictors in discriminating PD from HC, as well as sample characteristics, methodologies used for feature extraction and classification task, and performance of ML algorithms. For this purpose, we reviewed 10 studies published between 2016 and 2023, which made a comparison between PD and HC using different ML algorithms.



Most of the models obtained in the different studies presented good performance, with high sensitivity/specificity besides accuracy; the best classifiers achieved an accuracy of up to 89% and were found to have good performances in identifying both true positives and true negatives (Sensitivity = 90%, Specificity = 90%), with no models presenting low sensitivity and specificity. Only a few studies presented greater sensitivity than specificity, thus predicting PD patients better than HC subjects or greater specificity than sensitivity, predicting HC subjects better than PD patients. In addition, the distribution of the sample size used to train, validate, and test appears to be homogeneous, i.e., there were no particular differences in performance between models with higher vs. lower sample sizes (as displayed in Figure 3b).



Despite previous studies focusing their attention mainly on phonatory and articulatory deficits in patients with PD and training ML algorithms on acoustic features extracted from speech signals [34,50], our results show that linguistic features extracted from spontaneous and connected speech transcriptions are useful in the automatic diagnosis of PD regardless of the language spoken by the recruited samples and the different ML algorithms. Furthermore, subsets of optimal classification features were selected as predictors able to characterize PD and HC in most of the papers considered in our review. Great heterogeneity can be seen among features that emerged from ML analyses. This may be partly because language can be investigated at different levels, and the included studies focused on a different set of measures. Moreover, languages involved in the selected studies were structurally dissimilar; thus, lexico-semantic and morphological features specifically varied considerably across languages.



The most relevant predictors in classifying PD vs. HC were lexico-semantic features. In particular, we found verb ratio, general noun utterance ratio, proper noun utterance ratio, verb utterance ratio, subordinating conjunctions, proper nouns, personal pronouns, negative markers, word frequency, and prefix-related features (i.e., prefix–prefix pair, prefix length probability, prefixes probability, prefix–stem probability). There is considerable evidence suggesting that, even in the absence of dementia, the ability to process lexico-semantic aspects of language is impaired in PD. These findings align with previous evidence that demonstrates the tendency of patients with PD to exhibit less informative narratives. In individuals with PD, there is a reported notable decrease in the production of conceptual units, a lower presence of informative elements, and a decrease in semantic abilities [8,51]. The presence of less well-formed words and fewer concept units, irrespective of articulation rate, suggests that individuals with PD experience challenges in linguistic processing. Specifically, this difficulty lies in the ability to access and retrieve target words from their mental lexicon, thereby affecting overall productivity in language expression [52].



Among the different measures identified as optimal predictors, features extracted from NLP (verb embeddings, word embeddings, and semantic components) provided a greater contribution to the classification, opening new pathways to the study of the language profile of PD. These features capture morphosyntactic and semantic properties, and relationships between words using artificial intelligence methods, which are able to directly process text and extract features that cannot be detected by other methods. In the last few decades, NLP methods have already been proven to be useful for the assessment of neurological and mood disorders, as they are able to capture early biomarkers of the disease that are not detectable using conventional clinical methods, and they can be applied to a wide range of subjects considering their low costs [53]. A previous study by Beltrami and colleagues [54] showed how lexical and syntactic features, extracted from connected and spontaneous speech transcriptions using NLP techniques, were essential to identify early signs of MCI in an elderly population with a higher discriminatory power than traditional neuropsychological tests, including tests designed to assess phonological and semantic fluency, as they are not influenced by the subjective component introduced by the clinicians analyzing the transcript, being directly obtained from the NLP model. Although NLP features are not easily interpretable from a clinical point of view and not classifiable at a specific linguistic level, they are becoming widely used also in clinical studies given their potential. NLP features are directly extracted from the processed text by the model itself in the feature engineering step and, at the same time, learned by the model in the feature learning one. Other studies showed the contribution of linguistic features, particularly semantic features, extracted from connected speech transcriptions through NLP methods to detect dementia [55] and word-embedding from their spontaneous speech to explore depressive patterns in patients with PD [56]. Furthermore, word embeddings derived from social media texts proved to be useful for performing sentiment analysis to easily develop a personal care plan [57]. Therefore, NLP is able to interpret, understand, and utilize human language with several advantages that lie in its ability to enable human-like language processing and perform a multitude of tasks by analyzing and representing naturally occurring texts at different levels of linguistic analysis. However, it is important to consider the potential disadvantages that may arise from the complexity of NLP tasks and the challenges in achieving complete accuracy and understanding in language processing [58]. For instance, human speech often relies on contextual cues; thus, a computer trained to search for specific words may not necessarily understand a specific context. Further, human language exhibits irregularities, such as variations within the same language, which can result in a lack of context, spelling errors, or differences in dialects. These irregularities further complicate the interpretation of NLP features, and future studies are needed to solve these issues.



Moreover, among the lexico-semantic and the NLP-extracted levels, we found verb-related features frequently in discriminating PD from HC, consistent with the previous literature that reported a selective impairment of action verbs with relative preservation of nouns showing a dissociation between verbs and nouns in patients’ performances in different linguistic tasks in patients with PD [59,60,61]. Verbs may involve a higher cognitive effort than other grammatical classes because they require the selection of a specific verb form from a wide range of words that share the same verb root [62]. Considering that the impairment of the corticostriatal circuits connecting the striatum to the dorsal frontal cortex, including the inferior frontal gyrus, is a hallmark of PD, a deficit in verb production can be expected in this population. In fact, this extensive neural network supports verb processing (comprehension and production), and basal ganglia, together with the inferior frontal gyrus, regulate selection processes. Therefore, a deficit in verb production can be interpreted as a loss of executive control [63]; as suggested by current cognitive–linguistic models [64], there is a dynamic relationship between the linguistic component and the executive component of narrative production. The linguistic component primarily focuses on organizing information at the sentence level, while the executive resource component contributes to the organization of narratives at the discourse level. Given the high occurrence of executive deficits in PD and the cognitive demands involved in planning, initiating, and sustaining narrative discourse, changes in verb production can be explained as the consequence of this cognitive mechanism. In line with previous studies that found distinctive deficits in processing action language in people with motor diseases [22,65], some of the included papers highlighted the emergence of semantic fields related to actions and physical movements. Since the striatum receives connections from the motor cortex and takes part in movement control, a deficit in verb production has also been interpreted as an impairment in the semantic representation of verbs, according to the hypothesis that motor information is part of word meaning, and it is deteriorated in the presence of damages to neural structures involved in motor functions [66]. It is important to note that these findings may be influenced by the specific task employed by the researchers, as participants were required to describe their daily routines; however, individuals with PD typically demonstrate reduced engagement in motor-related activities compared to controls.



Concerning the limitations presented by the included studies, we found that the diagnostic reference standard was, most of the time, not appropriate, as often there is no mention of neuropathological data for the diagnosis confirmation. Moreover, some of the included studies did not provide enough information about patient selection and possible inappropriate exclusions of subjects. To judge the quality of the included studies, we decided to employ the QUADAS tool; however, it must be underlined that some of the items included in the QUADAS tool were not fully applicable to studies adopting ML approaches. On the other hand, the presence of bias in ML studies often arises from the data preparation process for training models. For instance, if a dataset is not divided into separate training and testing subsets, the model will be trained and evaluated on the same data. While this may yield impressive results (this potential hazard is commonly referred to as “overfitting”), there is a high probability that the model’s performance will significantly decline when tested on new, unseen data.



This systematic review also highlights some limitations which could guide future research in this field. The first limitation concerns the relatively small number of studies included. Our review reveals that the automated classification of PD is becoming more popular; still, relatively few studies have explored the diagnostic role of linguistic features. Moreover, most research in PD focused on acoustic features of speech rather than on cognitive components of language. It must be noted that during the selection process, many studies were excluded because they did not include a comparison group of controls. The second main limitation is related to the assessment of the cognitive status of participants; indeed, the included studies often did not consider whether patients presented with cognitive impairments. Only one paper differentiated PD-MCI from PD-nMCI and HC [42], and one paper reported as an inclusion criterion a MOCA score higher than 23, thus including patients with global cognitive efficiency within the normal range [38]. Although, in several studies, PD-related language deficits were found to be specifically isolated features independent of the global cognitive status [67], the fact that language is a component of cognition cannot be ignored. Thus, specific features that appear to be optimal predictors for PD classification could be related to the degree of cognitive impairment and not directly from disease-related impairment. In addition, the pharmacological therapy in the selected studies is not always reported, and fluctuations due to “ON” and “OFF” states induced by levodopa intake can affect language disorders in PD [68].



Finally, nearly all the studies included in this review report promising results; however, a small number of tools were put into clinical practice. We made a previous tentative with a digital tool to test whether touch screening devices could be ecological for clinicians [69]; more recently, Garcia and colleagues developed a new device, namely the Toolkit to Examine Lifelike Language (TELL), to capture linguistic markers of neurodegenerative disorders through automated speech and language analysis [70]. Although we expect an increase in studies that use ML to classify PD based on linguistic measures, the primary limitations that hinder progress in this field include inadequate standardization and clinical validation, limited comparability of results, and a gap between the objectives of the studies and their clinical applications. Efforts are being made to address these limitations, as artificial intelligence tools are less expensive and more accessible compared to other neuroimaging biomarkers that are not always available in the clinical setting and will help to bridge the gap between future research and its practical implementation in clinical settings. Artificial intelligence applied to linguistic data has the potential to enhance the treatment of PD in (1) early diagnosis by identifying subtle linguistic changes associated with the disease at an early stage, allowing a prompt intervention; (2) objective assessment providing quantitative measures of language and speech quality, pitch, loudness, and articulation, providing clinicians with valuable information for assessing disease progression and treatment effectiveness; (3) personalized speech and language rehabilitation by addressing individual needs and providing immediate feedback and guidance to patients with PD as they exercise, potentially accelerating their progress and improving overall speech outcomes; (4) remote monitoring by tracking changes in speech patterns over time, allowing healthcare providers to remotely assess disease progression and adjust treatment plans accordingly. This can reduce the need for frequent in-person visits and improve accessibility to care.




5. Conclusions


We examined the literature concerning the automated classification of PD using linguistic measures derived mainly from narrative discourse. Although linguistic data analyzed through artificial intelligence show promise in (1) the early diagnosis of PD by identifying a combination of optimal linguistic predictors and (2) the treatment addressed by shaping a tailored intervention, the clinical application of such tools still strongly needs the expertise of professionals from the healthcare field. The collaboration between artificial intelligence technology and medical professionals can lead to more effective and personalized care for individuals with PD.








Supplementary Materials


The following supporting information can be downloaded at: https://www.mdpi.com/article/10.3390/brainsci14020137/s1, Table S1: Overview of current studies with NLP Input features and Optimal Predictor features specification.





Author Contributions


C.P.: data curation, methodology, writing—original draft. S.A.: data curation, methodology, formal analysis, writing—original draft. P.B.: conceptualization, methodology, writing—review and editing, supervision. S.T.: data curation, writing—review and editing. G.L.: data curation, writing—review and editing. C.G.: data curation, writing—review and editing. D.M.: data curation, writing—review and editing. P.F.: data curation, writing—review and editing. I.C.: data curation, writing—review and editing. B.M.: data curation, writing—review and editing. C.S.: conceptualization, methodology, formal analysis, writing—review and editing, supervision. All authors have read and agreed to the published version of the manuscript.




Funding


This work was partially supported by Ricerca Corrente funding from the Italian Ministry of Health to IRCCS Istituti Clinici Scientifici Maugeri.




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


The original contributions presented in the study are included in the article, further inquiries can be directed to the corresponding author.




Conflicts of Interest


The authors declare no conflicts of interest.




References


	



Braak, H.; Ghebremedhin, E.; Rüb, U.; Bratzke, H.; Del Tredici, K. Stages in the Development of Parkinson’s Disease-Related Pathology. Cell Tissue Res. 2004, 318, 121–134. [Google Scholar] [CrossRef] [PubMed]

	



Hughes, A.J.; Daniel, S.E.; Kilford, L.; Lees, A.J. Accuracy of Clinical Diagnosis of Idiopathic Parkinson’s Disease: A Clinico-Pathological Study of 100 Cases. J. Neurol. Neurosurg. Psychiatry 1992, 55, 181–184. [Google Scholar] [CrossRef] [PubMed]

	



Yarnall, A.J.; Breen, D.P.; Duncan, G.W.; Khoo, T.K.; Coleman, S.Y.; Firbank, M.J.; Nombela, C.; Winder-Rhodes, S.; Evans, J.R.; Rowe, J.B.; et al. Characterizing Mild Cognitive Impairment in Incident Parkinson Disease: The ICICLE-PD Study. Neurology 2014, 82, 308–316. [Google Scholar] [CrossRef]

	



Miller, N. Communication Changes in Parkinson’s Disease. Pract. Neurol. 2017, 17, 266–274. [Google Scholar] [CrossRef]

	



Walsh, B.; Smith, A. Linguistic Complexity, Speech Production, and Comprehension in Parkinson’s Disease: Behavioral and Physiological Indices. J. Speech Lang. Hear. Res. 2011, 54, 787–802. [Google Scholar] [CrossRef]

	



Ellis, C.; Crosson, B.; Gonzalez Rothi, L.J.; Okun, M.S.; Rosenbek, J.C. Narrative Discourse Cohesion in Early Stage Parkinson’s Disease. J. Park. Dis. 2015, 5, 403–411. [Google Scholar] [CrossRef]

	



Ash, S.; Jester, C.; York, C.; Kofman, O.L.; Langey, R.; Halpin, A.; Firn, K.; Dominguez Perez, S.; Chahine, L.; Spindler, M.; et al. Longitudinal Decline in Speech Production in Parkinson’s Disease Spectrum Disorders. Brain Lang. 2017, 171, 42–51. [Google Scholar] [CrossRef] [PubMed]

	



Altmann, L.J.P.; Troche, M.S. High-Level Language Production in Parkinson’s Disease: A Review. Park. Dis. 2011, 2011, 238956. [Google Scholar] [CrossRef]

	



Crescentini, C.; Lunardelli, A.; Mussoni, A.; Zadini, A.; Shallice, T. A Left Basal Ganglia Case of Dynamic Aphasia or Impairment of Extra-Language Cognitive Processes? Neurocase 2008, 14, 184–203. [Google Scholar] [CrossRef]

	



Tinaz, S.; Schendan, H.E.; Stern, C.E. Fronto-Striatal Deficit in Parkinson’s Disease during Semantic Event Sequencing. Neurobiol. Aging 2008, 29, 397–407. [Google Scholar] [CrossRef]

	



Suárez-González, A.; Cassani, A.; Gopalan, R.; Stott, J.; Savage, S. When It Is not Primary Progressive Aphasia: A Scoping Review of Spoken Language Impairment in Other Neurodegenerative Dementias. Alzheimer’s Dement. 2021, 7, e12205. [Google Scholar] [CrossRef] [PubMed]

	



Cummings, J.L.; Darkins, A.; Mendez, M.; Hill, M.A.; Benson, D.F. Alzheimer’s Disease and Parkinson’s Disease: Comparison of Speech and Language Alterations. Neurology 1988, 38, 680–684. [Google Scholar] [CrossRef] [PubMed]

	



Frank, E.M.; McDade, H.L.; Scott, W.K. Naming in Dementia Secondary to Parkinson’s, Huntington’s, and Alzheimer’s Diseases. J. Commun. Disord. 1996, 29, 183–197. [Google Scholar] [CrossRef]

	



Lewis, F.M.; Lapointe, L.L.; Murdoch, B.E.; Chenery, H.J. Language Impairment in Parkinson’s Disease. Aphasiology 1998, 12, 193–206. [Google Scholar] [CrossRef]

	



Piatt, A.L.; Fields, J.A.; Paolo, A.M.; Koller, W.C.; Tröster, A.I. Lexical, Semantic, and Action Verbal Fluency in Parkinson’s Disease with and without Dementia. J. Clin. Exp. Neuropsychol. 1999, 21, 435–443. [Google Scholar] [CrossRef]

	



Henry, J.D.; Crawford, J.R. Verbal Fluency Deficits in Parkinson’s Disease: A Meta-Analysis. J. Int. Neuropsychol. Soc. 2004, 10, 608–622. [Google Scholar] [CrossRef] [PubMed]

	



Ash, S.; McMillan, C.; Gross, R.G.; Cook, P.; Morgan, B.; Boller, A.; Dreyfuss, M.; Siderowf, A.; Grossman, M. The Organization of Narrative Discourse in Lewy Body Spectrum Disorder. Brain Lang. 2011, 119, 30–41. [Google Scholar] [CrossRef]

	



Grossman, M.; Irwin, D.J.; Jester, C.; Halpin, A.; Ash, S.; Rascovsky, K.; Weintraub, D.; McMillan, C.T. Narrative Organization Deficit in Lewy Body Disorders Is Related to Alzheimer Pathology. Front. Neurosci. 2017, 11, 53. [Google Scholar] [CrossRef]

	



D’Ascanio, S.; Piras, F.; Banaj, N.; Assogna, F.; Pellicano, C.; Bassi, A.; Spalletta, G.; Piras, F. Narrative Discourse Production in Parkinson’s Disease: Decoupling the Role of Cognitive-Linguistic and Motor Speech Changes. Heliyon 2023, 9, e18633. [Google Scholar] [CrossRef]

	



Cardona, J.F.; Gershanik, O.; Gelormini-Lezama, C.; Houck, A.L.; Cardona, S.; Kargieman, L.; Trujillo, N.; Arévalo, A.; Amoruso, L.; Manes, F.; et al. Action-Verb Processing in Parkinson’s Disease: New Pathways for Motor–language Coupling. Brain Struct. Funct. 2013, 218, 1355–1373. [Google Scholar] [CrossRef]

	



Cardona, J.F.; Kargieman, L.; Sinay, V.; Gershanik, O.; Gelormini, C.; Amoruso, L.; Roca, M.; Pineda, D.; Trujillo, N.; Michon, M.; et al. How Embodied Is Action Language? Neurological Evidence from Motor Diseases. Cognition 2014, 131, 311–322. [Google Scholar] [CrossRef] [PubMed]

	



García, A.; Ibáñez, A. Words in Motion: Motor-Language Coupling in Parkinson’s Disease. Transl. Neurosci. 2014, 5, 152–159. [Google Scholar] [CrossRef]

	



Bocanegra, Y.; García, A.M.; Lopera, F.; Pineda, D.; Baena, A.; Ospina, P.; Alzate, D.; Buriticá, O.; Moreno, L.; Ibáñez, A.; et al. Unspeakable Motion: Selective Action-Verb Impairments in Parkinson’s Disease Patients without Mild Cognitive Impairment. Brain Lang. 2017, 168, 37–46. [Google Scholar] [CrossRef] [PubMed]

	



García, A.M.; Bocanegra, Y.; Herrera, E.; Moreno, L.; Carmona, J.; Baena, A.; Lopera, F.; Pineda, D.; Melloni, M.; Legaz, A.; et al. Parkinson’s Disease Compromises the Appraisal of Action Meanings Evoked by Naturalistic Texts. Cortex 2018, 100, 111–126. [Google Scholar] [CrossRef] [PubMed]

	



García, A.M.; Carrillo, F.; Orozco-Arroyave, J.R.; Trujillo, N.; Vargas Bonilla, J.F.; Fittipaldi, S.; Adolfi, F.; Nöth, E.; Sigman, M.; Fernández Slezak, D.; et al. How Language Flows When Movements Don’t: An Automated Analysis of Spontaneous Discourse in Parkinson’s Disease. Brain Lang. 2016, 162, 19–28. [Google Scholar] [CrossRef] [PubMed]

	



Troche, M.S.; Altmann, L.J.P. Sentence Production in Parkinson Disease: Effects of Conceptual and Task Complexity. Appl. Psycholinguist. 2012, 33, 225–251. [Google Scholar] [CrossRef]

	



Smith, K.M.; Caplan, D.N. Communication Impairment in Parkinson’s Disease: Impact of Motor and Cognitive Symptoms on Speech and Language. Brain Lang. 2018, 185, 38–46. [Google Scholar] [CrossRef] [PubMed]

	



Castiglioni, I.; Salvatore, C.; Ramírez, J.; Górriz, J.M. Machine-Learning Neuroimaging Challenge for Automated Diagnosis of Mild Cognitive Impairment: Lessons Learnt. J. Neurosci. Methods 2018, 302, 10–13. [Google Scholar] [CrossRef]

	



Salvatore, C.; Cerasa, A.; Castiglioni, I.; Gallivanone, F.; Augimeri, A.; Lopez, M.; Arabia, G.; Morelli, M.; Gilardi, M.C.; Quattrone, A. Machine Learning on Brain MRI Data for Differential Diagnosis of Parkinson’s Disease and Progressive Supranuclear Palsy. J. Neurosci. Methods 2014, 222, 230–237. [Google Scholar] [CrossRef] [PubMed]

	



Dos Santos, M.C.T.; Barreto-Sanz, M.A.; Correia, B.R.S.; Bell, R.; Widnall, C.; Perez, L.T.; Berteau, C.; Schulte, C.; Scheller, D.; Berg, D.; et al. miRNA-Based Signatures in Cerebrospinal Fluid as Potential Diagnostic Tools for Early Stage Parkinson’s Disease. Oncotarget 2018, 9, 17455–17465. [Google Scholar] [CrossRef]

	



Battista, P.; Salvatore, C.; Berlingeri, M.; Cerasa, A.; Castiglioni, I. Artificial Intelligence and Neuropsychological Measures: The Case of Alzheimer’s Disease. Neurosci. Biobehav. Rev. 2020, 114, 211–228. [Google Scholar] [CrossRef]

	



Amboni, M.; Ricciardi, C.; Adamo, S.; Nicolai, E.; Volzone, A.; Erro, R.; Cuoco, S.; Cesarelli, G.; Basso, L.; D’Addio, G.; et al. Machine Learning Can Predict Mild Cognitive Impairment in Parkinson’s Disease. Front. Neurol. 2022, 13, 1010147. [Google Scholar] [CrossRef]

	



Novotný, M.; Rusz, J.; Čmejla, R.; Růžička, E. Automatic Evaluation of Articulatory Disorders in Parkinson’s Disease. IEEE/ACM Trans. Audio Speech Lang. Process. 2014, 22, 1366–1378. [Google Scholar] [CrossRef]

	



García, A.M.; Arias-Vergara, T.; C Vasquez-Correa, J.; Nöth, E.; Schuster, M.; Welch, A.E.; Bocanegra, Y.; Baena, A.; Orozco-Arroyave, J.R. Cognitive Determinants of Dysarthria in Parkinson’s Disease: An Automated Machine Learning Approach. Mov. Disord. 2021, 36, 2862–2873. [Google Scholar] [CrossRef]

	



Fraser, K.C.; Meltzer, J.A.; Graham, N.L.; Leonard, C.; Hirst, G.; Black, S.E.; Rochon, E. Automated Classification of Primary Progressive Aphasia Subtypes from Narrative Speech Transcripts. Cortex 2014, 55, 43–60. [Google Scholar] [CrossRef]

	



Page, M.J.; McKenzie, J.E.; Bossuyt, P.M.; Boutron, I.; Hoffmann, T.C.; Mulrow, C.D.; Shamseer, L.; Tetzlaff, J.M.; Akl, E.A.; Brennan, S.E.; et al. The PRISMA 2020 Statement: An Updated Guideline for Reporting Systematic Reviews. BMJ 2021, 372, n71. [Google Scholar] [CrossRef]

	



Whiting, P.F.; Rutjes, A.W.S.; Westwood, M.E.; Mallett, S.; Deeks, J.J.; Reitsma, J.B.; Leeflang, M.M.G.; Sterne, J.A.C.; Bossuyt, P.M.M. QUADAS-2 Group QUADAS-2: A Revised Tool for the Quality Assessment of Diagnostic Accuracy Studies. Ann. Intern. Med. 2011, 155, 529–536. [Google Scholar] [CrossRef]

	



Yokoi, K.; Iribe, Y.; Kitaoka, N.; Tsuboi, T.; Hiraga, K.; Satake, Y.; Hattori, M.; Tanaka, Y.; Sato, M.; Hori, A.; et al. Analysis of Spontaneous Speech in Parkinson’s Disease by Natural Language Processing. Park. Relat. Disord. 2023, 113, 105411. [Google Scholar] [CrossRef] [PubMed]

	



Escobar-Grisales, D.; Arias-Vergara, T.; Ríos-Urrego, C.D.; Nöth, E.; García, A.M.; Orozco-Arroyave, J.R. An Automatic Multimodal Approach to Analyze Linguistic and Acoustic Cues on Parkinson’s Disease Patients. In Proceedings of the INTERSPEECH 2023, Dublin, Ireland, 20 August 2023. [Google Scholar]

	



Escobar-Grisales, D.; Ríos-Urrego, C.D.; Orozco-Arroyave, J.R. Deep Learning and Artificial Intelligence Applied to Model Speech and Language in Parkinson’s Disease. Diagnostics 2023, 13, 2163. [Google Scholar] [CrossRef] [PubMed]

	



Favaro, A.; Tsai, Y.-T.; Butala, A.; Thebaud, T.; Villalba, J.; Dehak, N.; Moro-Velázquez, L. Interpretable Speech Features vs. DNN Embeddings: What to Use in the Automatic Assessment of Parkinson’s Disease in Multi-Lingual Scenarios. medRxiv 2023. [Google Scholar] [CrossRef] [PubMed]

	



García, A.M.; Escobar-Grisales, D.; Vásquez Correa, J.C.; Bocanegra, Y.; Moreno, L.; Carmona, J.; Orozco-Arroyave, J.R. Detecting Parkinson’s Disease and Its Cognitive Phenotypes via Automated Semantic Analyses of Action Stories. NPJ Park. Dis. 2022, 8, 163. [Google Scholar] [CrossRef]

	



Eyigoz, E.; Courson, M.; Sedeño, L.; Rogg, K.; Orozco-Arroyave, J.R.; Nöth, E.; Skodda, S.; Trujillo, N.; Rodríguez, M.; Rusz, J.; et al. From Discourse to Pathology: Automatic Identification of Parkinson’s Disease Patients via Morphological Measures across Three Languages. Cortex 2020, 132, 191–205. [Google Scholar] [CrossRef]

	



Pérez-Toro, P.A.; Vásquez-Correa, J.C.; Strauss, M.; Orozco-Arroyave, J.R.; Nöth, E. Natural Language Analysis to Detect Parkinson’s Disease. In Text, Speech, and Dialogue: 22nd International Conference, TSD 2019, Ljubljana, Slovenia, 11–13 September 2019, Proceedings 22; Springer International Publishing: Berlin/Heidelberg, Germany, 2019; pp. 82–90. [Google Scholar]

	



Eyigoz, E.; Polosecki, P.; Garcia, A.M.; Rogg, K.; Orozco-Arroyave, J.; Skodda, S.; Hesse, E.; Ibanez, A.; Cecchi, G. Unsupervised Morphological Segmentation for Detecting Parkinson’s Disease. In AAAI Workshops; Association for the Advancement of Artificial Intelligence: Washington, DC, USA, 2018; pp. 126–131. [Google Scholar]

	



Jessiman, L.; Murray, G.; Braley, M. Language-Based Automatic Assessment of Cognitive and Communicative Functions Related to PArkinson’s Disease. In Proceedings of the First International Workshop on Language Cognition and Computational Models; Sinha, M., Dasgupta, T., Eds.; Association for Computational Linguistics: Santa Fe, NM, USA, 2018; pp. 63–74. [Google Scholar]

	



Litvan, I.; Goldman, J.G.; Tröster, A.I.; Schmand, B.A.; Weintraub, D.; Petersen, R.C.; Mollenhauer, B.; Adler, C.H.; Marder, K.; Williams-Gray, C.H.; et al. Diagnostic Criteria for Mild Cognitive Impairment in Parkinson’s Disease: Movement Disorder Society Task Force Guidelines. Mov. Disord. 2012, 27, 349–356. [Google Scholar] [CrossRef]

	



Liddy, E.D.; Liddy, J.H. An NLP Approach for Improving Access to Statistical Information for the Masses. Sch. Inf. Stud. Fac. Scholarsh. 2001. [Google Scholar]

	



Chowdhary, K.R. Natural Language Processing. In Fundamentals of Artificial Intelligence; Chowdhary, K.R., Ed.; Springer: New Delhi, India, 2020; pp. 603–649. ISBN 9788132239727. [Google Scholar]

	



Vásquez-Correa, J.C.; Orozco-Arroyave, J.R.; Bocklet, T.; Nöth, E. Towards an Automatic Evaluation of the Dysarthria Level of Patients with Parkinson’s Disease. J. Commun. Disord. 2018, 76, 21–36. [Google Scholar] [CrossRef] [PubMed]

	



Cardona, J.F.; Grisales-Cardenas, J.S.; Trujillo-Llano, C.; Diazgranados, J.A.; Urquina, H.F.; Cardona, S.; Torres, A.; Torres, L.A.; Gonzalez, L.M.; Jaramillo, T.; et al. Semantic Memory and Lexical Availability in Parkinson’s Disease: A Statistical Learning Study. Front. Aging Neurosci. 2021, 13, 697065. [Google Scholar] [CrossRef] [PubMed]

	



Roberts, A.; Post, D. Information Content and Efficiency in the Spoken Discourse of Individuals With Parkinson’s Disease. J. Speech Lang. Hear. Res. 2018, 61, 2259–2274. [Google Scholar] [CrossRef]

	



Taler, V.; Phillips, N.A. Language Performance in Alzheimer’s Disease and Mild Cognitive Impairment: A Comparative Review. J. Clin. Exp. Neuropsychol. 2008, 30, 501–556. [Google Scholar] [CrossRef] [PubMed]

	



Beltrami, D.; Gagliardi, G.; Rossini Favretti, R.; Ghidoni, E.; Tamburini, F.; Calzà, L. Speech Analysis by Natural Language Processing Techniques: A Possible Tool for Very Early Detection of Cognitive Decline? Front. Aging Neurosci. 2018, 10, 369. [Google Scholar] [CrossRef]

	



Santander-Cruz, Y.; Salazar-Colores, S.; Paredes-García, W.J.; Guendulain-Arenas, H.; Tovar-Arriaga, S. Semantic Feature Extraction Using SBERT for Dementia Detection. Brain Sci. 2022, 12, 270. [Google Scholar] [CrossRef]

	



Pérez-Toro, P.A.; Arias-Vergara, T.; Klumpp, P.; Vásquez-Correa, J.C.; Schuster, M.; Nöth, E.; Orozco-Arroyave, J.R. Depression Assessment in People with Parkinson’s Disease: The Combination of Acoustic Features and Natural Language Processing. Speech Commun. 2022, 145, 10–20. [Google Scholar] [CrossRef]

	



Cevik, F.; Kilimci, Z.H. Analysis of Parkinson’s Disease Using Deep Learning and Word Embedding Models. Acad. Perspect. Procedia 2019, 2, 786–797. [Google Scholar] [CrossRef]

	



Panesar, K.; Pérez Cabello de Alba, M.B. Natural Language Processing-Driven Framework for the Early Detection of Language and Cognitive Decline. Lang. Health 2023, 1, 20–35. [Google Scholar] [CrossRef]

	



Péran, P.; Rascol, O.; Démonet, J.-F.; Celsis, P.; Nespoulous, J.-L.; Dubois, B.; Cardebat, D. Deficit of Verb Generation in Nondemented Patients with Parkinson’s Disease. Mov. Disord. 2003, 18, 150–156. [Google Scholar] [CrossRef]

	



Boulenger, V.; Mechtouff, L.; Thobois, S.; Broussolle, E.; Jeannerod, M.; Nazir, T.A. Word Processing in Parkinson’s Disease Is Impaired for Action Verbs but Not for Concrete Nouns. Neuropsychologia 2008, 46, 743–756. [Google Scholar] [CrossRef] [PubMed]

	



Salmazo-Silva, H.; Parente, M.A.d.M.P.; Rocha, M.S.; Baradel, R.R.; Cravo, A.M.; Sato, J.R.; Godinho, F.; Carthery-Goulart, M.T. Lexical-Retrieval and Semantic Memory in Parkinson’s Disease: The Question of Noun and Verb Dissociation. Brain Lang. 2017, 165, 10–20. [Google Scholar] [CrossRef]

	



Silveri, M.C.; Traficante, D.; Lo Monaco, M.R.; Iori, L.; Sarchioni, F.; Burani, C. Word Selection Processing in Parkinson’s Disease: When Nouns Are More Difficult than Verbs. Cortex 2018, 100, 8–20. [Google Scholar] [CrossRef] [PubMed]

	



Cotelli, M.; Borroni, B.; Manenti, R.; Ginex, V.; Calabria, M.; Moro, A.; Alberici, A.; Zanetti, M.; Zanetti, O.; Cappa, S.F.; et al. Universal Grammar in the Frontotemporal Dementia Spectrum: Evidence of a Selective Disorder in the Corticobasal Degeneration Syndrome. Neuropsychologia 2007, 45, 3015–3023. [Google Scholar] [CrossRef]

	



Mar, R.A. The Neuropsychology of Narrative: Story Comprehension, Story Production and Their Interrelation. Neuropsychologia 2004, 42, 1414–1434. [Google Scholar] [CrossRef] [PubMed]

	



Bocanegra, Y.; García, A.M.; Pineda, D.; Buriticá, O.; Villegas, A.; Lopera, F.; Gómez, D.; Gómez-Arias, C.; Cardona, J.F.; Trujillo, N.; et al. Syntax, Action Verbs, Action Semantics, and Object Semantics in Parkinson’s Disease: Dissociability, Progression, and Executive Influences. Cortex 2015, 69, 237–254. [Google Scholar] [CrossRef]

	



Ibáñez, A.; Cardona, J.F.; Dos Santos, Y.V.; Blenkmann, A.; Aravena, P.; Roca, M.; Hurtado, E.; Nerguizian, M.; Amoruso, L.; Gómez-Arévalo, G.; et al. Motor-Language Coupling: Direct Evidence from Early Parkinson’s Disease and Intracranial Cortical Recordings. Cortex 2013, 49, 968–984. [Google Scholar] [CrossRef] [PubMed]

	



Liu, L.; Luo, X.-G.; Dy, C.-L.; Ren, Y.; Feng, Y.; Yu, H.-M.; Shang, H.; He, Z.-Y. Characteristics of Language Impairment in Parkinson’s Disease and Its Influencing Factors. Transl. Neurodegener. 2015, 4, 2. [Google Scholar] [CrossRef] [PubMed]

	



Norel, R.; Agurto, C.; Heisig, S.; Rice, J.J.; Zhang, H.; Ostrand, R.; Wacnik, P.W.; Ho, B.K.; Ramos, V.L.; Cecchi, G.A. Speech-Based Characterization of Dopamine Replacement Therapy in People with Parkinson’s Disease. NPJ Park. Dis. 2020, 6, 12. [Google Scholar] [CrossRef] [PubMed]

	



Canini, M.; Battista, P.; Della Rosa, P.A.; Catricalà, E.; Salvatore, C.; Gilardi, M.C.; Castiglioni, I. Computerized Neuropsychological Assessment in Aging: Testing Efficacy and Clinical Ecology of Different Interfaces. Comput. Math. Methods Med. 2014, 2014, 804723. [Google Scholar] [CrossRef]

	



García, A.M.; Johann, F.; Echegoyen, R.; Calcaterra, C.; Riera, P.; Belloli, L.; Carrillo, F. Toolkit to Examine Lifelike Language (TELL): An App to Capture Speech and Language Markers of Neurodegeneration. Behav. Res. Methods 2023. [Google Scholar] [CrossRef]








[image: Brainsci 14 00137 g001] 





Figure 1. PRISMA flow diagram depicting the different phases of the review selection process. 
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Figure 2. Proportion of studies with low, high, or unclear risk of bias. 
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Figure 3. (a). Violin plots to graphically show the performance in terms of Accuracy, Sensitivity, Specificity, AUC, Precision, and F1-Score for the comparison of PD vs. HC. The violin plots show the distributions of these metrics when considering all the performances reported by the papers (right side of the violin plots in red) or only the best performances highlighted by the authors (left side of the violin plot in blue). When the authors did not indicate which of the reported models was considered the best, the choice was made by the authors of the present systematic review based on AUC. The means and quartiles of the performance distributions are also reported as dotted lines. (b). Bubble chart showing the distribution of the models for sensitivity and specificity (when reported). The best models are in the upper right corner, which have high sensitivity and specificity. Models with high specificity and low sensitivity are in the upper left, whereas models with high sensitivity and low specificity are in the bottom right. The size of the points is proportional to the sample size used to train, validate, and test the models, as reported in the considered papers. 
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Figure 4. (a). Lollipop plot for the optimal predictors for the comparison of PD vs. HC. (b). Chord diagram showing the connections between optimal features in the considered models (when reported). The plot shows how many times optimal features are associated with each other. 
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Table 1. Definition of the linguistic levels and other linguistic categories specified in the present study.
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	Specified Level
	Definition





	Phonetic and Phonological
	Language production concerning speech sound aspects, i.e., number of pauses, total phonation time.



	Lexico-semantic
	Difficulties in words, classified according to different part-of-speech categories and content, i.e., verbs ratio, type/token ratio



	Morphosyntactic
	Information regarding word inflection and agreement encompassing elements like tense, mood, aspect, person, number, and gender, but also structure and word organization to form grammatically correct sentences and utterances, i.e., (number of utterances, correct verb tense.



	Discourse and Pragmatic
	Elements in the speech that contribute to the ongoing conversation flow, i.e., cohesion, total words.



	NLP-extracted features
	Engineered linguistic features derived from deep learning analysis methods, i.e., word embeddings, verb embeddings,



	Morphological consistency
	The estimated probability that a part of speech has a specific attribute and value, i.e., feminine nouns standard deviation, masculine pronouns skewness



	Sentiment
	Emotional text inflexion










 





Table 2. Overview of included studies.
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Author (Year)

	
Comparison

	
Cohort

	
Task

	
Linguistic Analysis Method

	
NLP Input Features

	
ML Method

	
Acc/Spe/Sen (Recall)/AUC

/Precision/F1-Score

	
Optimal Predictors






	
Yokoi et al.

[38]

	
PD vs. HC

	
53 PD

53 HC

	
Spontaneous speech

	
MeCab

Cabocha

	
Phonetic and Phonological Lexico-semantic

Morphosyntactic

	
SVM

	
(1st trial) -/0.79/0.77/-/-/-

(2nd trial) -/0.81/0.83/-/-/-

(3rd trial) -/0.85/0.83/0.88/-/-

(4th trial) -/0.91/0.70/-/-/-

	
Phonetic and Phonological: filler utterance ratio

Lexico-semantic: verb ratio, general noun utterance ratio, proper noun utterance ratio, verb utterance ratio.

Morphosyntactic: case particle ratio (dispersion)




	
Escobar-Grisales et al. (a) [39]

	
PD vs. HC

	
80 PD

85 HC

	
Spontaneous speech

	
BETO

	
NLP-extracted features

	
1D-CNN

+ FL

	
(Verbs) 0.76/0.81/0.71/-/-/0.73

	
NLP-extracted features: verb embeddings




	
(Nouns) 0.73/0.78/0.69/-/-/0.70




	
(Statistical Functionals)

0.63/0.83/0.43/-/-/0.52




	
Escobar-

Grisales et al. (b) [40]

	
PD vs. HC

	
80 PD

85 HC

	
Spontaneous speech

	
W2V

	
NLP-extracted features

	
SVM



1D-CNN + FL

	
(SVM) 0.70/0.68/0.71/-/-/0.69

(CNN) 0.74/0.73/0.75/-/-/0.72

	
NLP-extracted features: word embeddings




	
BERT

	
(SVM) 0.62/0.76/0.48/-/-/0.53

(CNN) 0.74/0.72/0.76/-/-/0.74




	
BETO

	
(SVM) 0.63/0.70/0.56/-/-/0.57

(CNN) 0.78/0.79/0.76/-/-/0.77




	
Favaro et al.

[41]

	
PD vs. HC (American English)

	
23 PD

27 HC

	
Connected speech

(Cookie theft)

	
Whisper +

SpaCy

	
Lexico-semantic

Morphosyntactic

Discourse and Pragmatic

	
SVM

KNN

RF

BG

XGBoost

	
(SVM)

(mono-lingual) 0.76/0.69/0.84/0.82/-/0.73

(multi-lingual) 0.80/0.79/0.71/0.83/-/0.82

(cross-lingual) 0.67/0.73/0.61/0.70/-/0.68

	
n/a




	
(KNN)

(mono-lingual) 0.63/0.53/0.73/0.57/-/0.61

(multi-lingual) 0.73/0.70/0.85/0.80/-/0.71

(cross-lingual) 0.65/0.38/0.89/0.71/-/0.65




	
(RF)

(mono-lingual) 0.70/0.67/0.73/0.80/-/0.70

(multi-lingual) 0.64/0.72/0.57/0.77/-/0.67

(cross-lingual) 0.76/0.58/0.93/0.74/-/0.70




	
(BG)

(mono-lingual) 0.68/0.65/0.73/0.78/-/0.69

(multi-lingual) 0.68/0.71/0.57/0.76/-/0.70

(cross-lingual) 0.76/0.65/0.79/0.76/-/0.76




	
(XGBoost)

(mono-lingual) 0.74/0.62/0.73/0.80/-/0.73

(multi-lingual) 0.68/0.62/0.69/0.77/-/0.70

(cross-lingual) 0.72/0.65/0.79/0.75/-/0.72




	
Favaro et al.

[41]

	
PD vs. HC (Castilian spanish

	
32 PD

47 HC

	
Connected speech.

	
Whisper +

SpaCy

	
Lexico-semantic

Morphosyntactic

Discourse and Pragmatic

	
SVM

KNN

RF

BG

XGBoost

	
(SVM)

(mono-lingual) 0.85/0.75/0.85/0.82/-/0.82

(multi-lingual) 0.76/0.80/0.62/0.92/-/0.78

(cross-lingual) 0.51/0.75/0.29/0.78/-/0.60

	
n/a




	
(KNN)

(mono-lingual) 0.74/0.45/0.85/0.83/-/0.74

(multi-lingual) 0.68/0.70/0.72/0.82/-/0.68

(cross-lingual) 0.59/0.70/0.48/0.66/-/0.59




	
(RF)

(mono-lingual) 0.76/0.70/0.70/0.81/-/0.73

(multi-lingual) 0.84/0.95/0.72/0.88/-/0.85

(cross-lingual) 0.68/0.90/0.48/0.85/-/0.73




	
(BG)

(mono-lingual) 0.74/0.70/0.80/0.88/-/0.74

(multi-lingual) 0.74/0.85/0.62/0.91/-/0.74

(cross-lingual) 0.68/0.90/0.48/0.81/-/0.68




	
(XGBoost)

(mono-lingual) 0.71/0.65/0.80/0.88/-/0.71

(multi-lingual) 0.74/0.80/0.62/0.86/-/0.74

(cross-lingual) 0.68/0.90/0.48/0.79/-/0.68




	
Favaro et al.

[41]

	
PD vs. HC (Colombian Spanish)

	
50 PD

50 HC

	
Spontaneous speech

	

	

	
SVM

KNN

RF

BG

XGBoost

	
(SVM)

(mono-lingual) 0.51/0.40/0.60/0.50-/0.50

(multi-lingual) 0.52/0.44/0.60/0.56/-/0.51

(cross-lingual) 0.56/0.56/0.56/0.56/-/0.56

	
n/a




	
(KNN)

(mono-lingual) 0.54/0.65/0.64/0.57/-/0.54

(multi-lingual) 0.57/0.43/0.72/0.61/-/0.57

(cross-lingual) 0.56/0.56/0.80/0.32/-/0.52




	
(RF)

(mono-lingual) 0.55/0.55/0.52/0.57/-/0.51

(multi-lingual) 0.58/0.48/0.66/0.60/-/0.53

(cross-lingual) 0.52/0.86/0.18/0.59/-/0.64




	
(BG)

(mono-lingual) 0.56/0.55/0.56/0.60/-/0.56

(multi-lingual) 0.59/0.48/0.58/0.62/-/0.59

(cross-lingual) 0.53/0.86/0.20/0.58/-/0.53




	
(XGBoost)

(mono-lingual) 0.55/0.53/0.56/0.57/-/0.55

(multi-lingual) 0.60/0.52/0.58/0.62/-/0.60

(cross-lingual) 0.51/0.90/0.20/0.55/-/0.51




	
Favaro et al.

[41]

	
PD vs. HC (German)

	
88 PD

88 HC

	
Spontaneous speech

	
Whisper +

SpaCy

	
Lexico-semantic

Morphosyntactic

Discourse and Pragmatic

	
SVM

KNN

RF

BG

XGBoost

	
(SVM)

(mono-lingual) 0.57/1.00/0.08/0.57/-/0.80

(multi-lingual) 0.71/0.65/0.72/0.75/-/0.69

(cross-lingual) 0.45/0.15/0.75/0.52/-/0.21

	
n/a




	
(KNN)

(mono-lingual) 0.73/0.77/0.63/0.75/-/0.73

(multi-lingual) 0.66/0.53/0.76/0.71/-/0.66

(cross-lingual) 0.48/0.03/0.93/0.55/-/0.48




	
(RF)

(mono-lingual) 0.69/0.73/0.68/0.72/-/0.70

(multi-lingual) 0.68/0.67/0.68/0.74/-/0.68

(cross-lingual) 0.51/0.16/0.86/0.58/-/0.25




	
(BG)

(mono-lingual) 0.73/0.76/0.66/0.77/-/0.73

(multi-lingual) 0.70/0.70/0.67/0.69/-/0.74

(cross-lingual) 0.52/0.12/0.89/0.60/-/0.52




	
(XGBoost)

(mono-lingual) 0.69/0.73/0.66/0.71/-/0.70

(multi-lingual) 0.71/0.71/0.69/0.75/-/0.71

(cross-lingual) 0.52/0.16/0.89/0.60/-/0.52




	
Favaro et al.

[41]

	
PD vs. HC (Czech)

	
20 PD

15 HC

	
Spontaneous speech

	
Whisper +

SpaCy

	
Lexico-semantic

Morphosyntactic

Discourse and Pragmatic

	
SVM

KNN

RF

BG

XGBoost

	
(SVM)

(mono-lingual) 0.73/0.70/0.90/0.76/-/0.71

(multi-lingual) 0.72/0.85/0.45/0.72/-/0.78

(cross-lingual) 0.60/0.70/0.86/0.68/-/0.67

	
n/a




	
(KNN)

(mono-lingual) 0.76/0.75/0.90/0.79/-/0.73

(multi-lingual) 0.68/0.75/0.65/0.80/-/0.68

(cross-lingual) 0.43/0.20/0.81/0.64/-/0.43




	
(RF)

(mono-lingual) 0.77/0.80/0.80/0.78/-/0.78

(multi-lingual) 0.76/0.85/0.50/0.72/-/0.79

(cross-lingual) 0.43/0.40/0.82/0.68/-/0.50




	
(BG)

(mono-lingual) 0.80/0.80/0.85/0.78/-/0.80

(multi-lingual) 0.76/0.80/0.50/0.85/-/0.76

(cross-lingual) 0.43/0.20/0.77/0.73/-/0.43




	
(XGBoost)

(mono-lingual) 0.79/0.75/0.75/0.70/-/0.79

(multi-lingual) 0.82/0.90/0.50/0.65/-/0.82

(cross-lingual) 0.49/0.10/0.77/0.69/-/0.49




	
Garcìa et al.

[42]

	
PD vs. HC

	
24 PD-nMCI

16 PD MCI

40 HC

	
Custom-made action text retelling (AT) and Custom-made non-action text retelling (nAT)

	
LSA + POS tag

GloVeV

GloVeOS

	
NLP-extracted features

	
Gaussian kernel SVM

	
AT

(p-RSF) 0.73/0.65/0.80/0.80/-/0.72

(GloVeV) 0.47/0.29/0.88/0.61/-/0.45

(GloVeOS) 0.61/0.65/0.53/0.54/-/0.55

	
NLP-extracted features: verb embeddings




	
nAT

(p-RSF) 0.59/0.60/0.57/0.60/-/0.58

(GloVeV) 0.57/0.63/0.45/0.57/-/0.51

(GloVeOS) 0.62/0.68/0.47/0.57/-/0.54




	
PD-nMCI vs. HC

	
AT

(p-RSF) 0.85/0.73/0.97/0.93/-/0.84

(GloVeV) 0.59/0.53/0.65/0.62/-/0.56

(GloVeOS) 0.65/0.65/0.65/0.68/-/0.62




	
nAT

(p-RSF) 0.48/0.55/0.42/0.55/-/0.42

(GloVeV) 0.53/0.77/0.28/0.49/-/0.48

(GloVeOS) 0.63/0.57/0.68/0.63/-/0.57




	
Garcìa et al.

[42]

	
PD-MCI vs. HC

	
24 PD-nMCI

16 PD MCI

40 HC

	
Custom-made action text retelling (AT) and Custom-made non-action text retelling (nAT)

	
LSA + POS tag

GloVeV

GloVeOS

	
NLP-extracted features

	
Gaussian kernel SVM

	
AT

(p-RSF) 0.83/0.70/0.95/0.90/-/0.78

(GloVeV) 0.58/0.85/0.30/0.58/-/0.49

(GloVeOS) 0.68/0.75/0.60/0.65/-/0.61

	
NLP-extracted features: verb embeddings




	
nAT

(p-RSF) 0.72/0.70/0.75/0.80/-/0.67

(GloVeV) 0.68/0.80/0.55/0.75/-/0.62

(GloVeOS) 0.68/0.75/0.60/0.78/-/0.64




	
Garcìa et al.

[42]

	
PD-nMCI vs. PD-MCI

	
24 PD-nMCI

16 PD MCI

40 HC

	
Custom-made action text retelling (AT) and Custom-made non-action text retelling (nAT)

	
LSA + POS tag

GloVeV

GloVeOS

	
NLP-extracted features

	
Gaussian kernel SVM

	
AT

(p-RSF) 0.69/0.65/0.75/0.82/-/0.67

(GloVeV) 0.63/0.90/0.20/0.59/-/0.48

(GloVeOS) 0.59/0.83/0.25/0.63/-/0.44

	
NLP-extracted features: verb embeddings




	
nAT

(p-RSF) 0.61/0.63/0.60/0.53/-/0.59

(GloVeV) 0.61/0.72/0.40/0.59/-/0.50

(GloVeOS) 0.67/0.80/0.50/0.68/-/0.60




	
Eyigoz et al.

[43]

	
PD vs. HC (Spanish)

	
61 PD

57 HC

	
Spontaneous speech

	
Freeling

	
Lexico-semantic

Morphosyntactic

Morphological consistency

	
SVM

SGD

LR

	
(SVM) (LOOCV) 0.66/-/0.56/0.69/0.72/-

(Non-generalizable)

0.82/-/0.80/0.89/0.84/-

	
Lexico-semantic: subordinating conjunctions, proper nouns

Morphological consistency: proper nouns skewness, present tense verbs mean




	
(SGD) (LOOCV) 0.65/-/0.61/0.68/0.69/-

(Non-generalizable)

0.78/-/0.80/0.82/0.78/-




	
(LR) (LOOCV) 0.71/-/0.70/0.73/0.73/-

(Non-generalizable)

0.78/-/0.84/0.82/0.76/-




	
Eyigoz et al.

[43]

	
PD vs. HC (German)

	
88 PD

88 HC

	
Spontaneous speech

	
Freeling

	
Lexico-semantic

Morphosyntactic

Morphological consistency

	
SVM

SGD

LR

	
(SVM) LOOCV 0.68/-/0.69/0.69/0.67/-

(Non-generalizable)

0.79/-/0.81/0.81/0.78/-

	
Morphological consistency: neuter gender pronouns kurtosis, verb person not specified skewness, determiner in accusative case skewness, feminine nouns standard deviation




	
(SGD) (LOOCV) 0.71/-/0.68/0.76/0.73/-

(Non-generalizable)

0.81/-/0.84/0.84/0.79/-




	
(LR) (LOOCV) 0.72/-/0.71/0.72/0.72/-

(Non-generalizable)

0.80/-/0.81/0.84/0.80/-




	
Eyigoz et al.

[43]

	
PD vs. HC (Czech)

	
20 PD

16 HC

	
Spontaneous speech

	
Morphodita

	
Lexico-semantic

Morphosyntactic

Morphological consistency

	
SVM

SGD

LR

	
(SVM) LOOCV 0.80/-/0.90/0.67/0.78/-

Non-generalizable

0.94/-/0.95/0.97/0.95/-

	
Lexico-semantic: personal pronoun.

Morphological consistency: person not specified skewness, 2nd most frequent variant kurtosis, masculine gender skewness.




	
(SGD) (LOOCV) 0.80/-/0.90/0.83/0.78/-

(Non-generalizable)

0.77/-/0.60/0.83/1.00/-




	
(LR) (LOOCV)

0.69/-/0.85/0.67/0.68/-

(Non-generalizable)

0.89/-/0.85/0.94/0.94/-




	
Perez-Toro et al.

[44]

	
PD vs. HC

	
50 PD

50 HC

	
Spontaneous speech

	
BoW

	
Lexico-semantic

NLP-extracted features

	
SVM-RBF

	
0.62/0.54/0.70/0.60/-/-

	
Lexico-semantic: words frequency




	
TF-IDF

	
0.58/0.56/0.58/0.60/-/-




	
W2V

	
0.72/0.52/0.92/0.66/-/-




	
Fusion

	
0.60/0.58/0.62/0.62/-/-




	
BoW

	
RF

	
0.70/0.66/0.74/0.76/-/-




	
TF-IDF

	
0.67/0.66/0.68/0.71/-/-




	
W2V

	
0.67/0.60/0.74/0.71/-/-




	
Fusion

	
0.66/0.68/0.64/0.71/-/-




	
Eyigoz et al.

[45]

	
PD vs. HC

	
88 PD

88 HC

	
Spontaneous speech

	
Morfessor

	
Lexico-semantic

	
Linear SVM

	
0.81/-/0.69/-/0.91/-

	
Lexico-semantic prefix–prefix pair, prefix length probability, prefixes probability, prefix–stem probability




	
Jessiman et al.

[46]

	
HC vs. PD

	
n/a PD

17 HOA

9 HYA

	
Custom-made script generation task and directions task

	
SpaCy

SO-Cal

GloVe

Cosine similarity

	
Lexico-semantic Morphosyntactic

Sentiment

NLP-extracted features

	
RF

	
(document level) -/-/-/0.49/-/-

(participant level) -/-/-/0.51/-/-

	
n/a




	
HYA vs. HOA vs. PD

	
(document level) 0.52/-/-/-/-/-

(participant level) 0.63/-/-/-/-/-

	
n/a




	
Garcìa et al.

[25]

	
PD vs. HC

	
51 PD

50 HC

	
Spontaneous speech

	
LSA

	
NLP-extracted features.

	
SVM-RBF

	
(NLP-Semantic n = 3)) 0.63/-/-/-/-/-

(NLP-Semantic n=4) 0.66/-/0.53/-/-/0.72

	
NLP-Extracted features: NLP Semantics (n = 4)




	
Stuttgart TreeTagger

	
Lexico-semantic

	
KNN

SVM-RBF

Ada Boost

LDA

NB

	
(KNN) 0.75/-/0.64/-/-/0.72

(SVM-RBF) 0.72/-/-/-/-/-

(Ada Boost) 0.68/-/-/-/-/-

(LDA) 0.66/-/-/-/-/-

(NB) 0.58/-/-/-/-/-

	
Lexico-semantic: subordinating conjunctions, negative markers








Note. HC = healthy controls, PD = Parkinson’s disease; ML = machine learning; NLP = Natural Language Processing; HYA = Healthy Younger Adults; HOA = Healthy Older Adults; MCI = Mild Cognitive Impairment; nMCI = non-Mild Cognitive Impairment; Acc = accuracy; Spe = specificity; Sen (Recall) = sensibility (Recall); AUC = area under curve; LOOCV = Leave-One-Out Cross-Validation; SVM = Support Vector Machine; 1D-CNN = 1D-Convolutional Neural Networks; FL = fully connected layer; LR = Logistic Regression; SGD = Stochastic Gradient Descent; RF = Random Forest; FL = fully connected layer; SVM-RBF = Radial Basis Function Support Vector Machine; KNN = K-nearest neighbors; XGBoost = Extreme Gradient Boosting; BG = Bagging; LDA = Linear Discriminant Analysis; NB = Naive Bayes; Ada Boost = Adaptive Boosting; MeCab = Japanese Morphological analysis implementation; W2V = Word2Vec; LSA = Latent Semantic Analysis; GloVe = Global Vectors for Word Representation; GloVeV = Global Vectors for Word Representation verb-to-verb semantic distance; GloVeOS = Global Vectors for Word Representation overall semantic structure; BERT = Bidirectional Encoder Representations from Transformers; BETO = Spanish-BERT; BoW = Bag-of-Words; TF = Term Frequency; IDF = Inverse Document Frequency; SO-Cal = Semantic Orientation Calculator; POS = Part of Speech; P-RSF = Proximity-to-Reference-Semantic-Field;. n/a = not available. In bold we highlighted the best model with the highest performance metrics reported from the original article.
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