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Abstract

Introduction: While linguistic retrogenesis has been extensively investigated in the
neuroscientific and behavioral literature, there has been little work on retrogenesis using
computerized approaches to language analysis.

Methods: We bridge this gap by introducing a method based on comparing output of a pre-
trained neural language model (NLM) with an artificially degraded version of itself to examine
the transcripts of speech produced by seniors with and without dementia and healthy children
during spontaneous language tasks. We compare a range of linguistic characteristics including
language model perplexity, syntactic complexity, lexical frequency and part-of-speech use across
these groups.

Results: Our results indicate that healthy seniors and children older than 8 years share similar
linguistic characteristics, as do dementia patients and children who are younger than 8 years.

Discussion: Our study aligns with the growing evidence that language deterioration in dementia
mirrors language acquisition in development using computational linguistic methods based on
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NLMs. This insight underscores the importance of further research to refine its application in
guiding developmentally appropriate patient care, particularly in early stages.
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1. Introduction

Retrogenesis refers to the observation that the loss of life skills caused by Alzheimer’s
Disease happens in the reverse order of their acquisition in childhood [1,2]. The evidence
for retrogenesis collected up to this point can be categorized into behavioral and
neuroscientific categories with the former obtained via longitudinal observational studies

of child development and aging and the latter comprised of brain imaging studies. These
studies can be further subcategorized by the type of brain phenomena measurable with
modern imaging instrumentation and techniques including brain wave activity measured
with electroencephalography (EEG), brain activation measured by hemodynamic response in
functional magnetic resonance imaging (fMRI). The resulting data support several analytical
techniques, including network analysis of functional connectivity and localization and
differentiation of brain activity associated with development and deterioration of human
functions and abilities.

The behavioral evidence for retrogenesis has been established in several studies showing
inverse patterns of general functional and cognitive abilities development/deterioration in
children and patients with Alzheimer’s Disease [3,4] as well as language-specific patterns in
lexico-semantic development/deterioration [5]. Pozueta et al. [4] demonstrated that patterns
of concept acquisition in children were the mirror image of the loss in patients with semantic
dementia. Reisberg [6] collated 16 successive functional stages and sub-stages of loss of
capacity observed in Alzheimer’s Disease patients into a Functional Assessment Staging
(FAST) procedure extensively documented as having high concurrent and criterion validity
with other independent cognitive measurements of Alzheimer’s Disease in previous studies
[7-9]. The sequence of functional loss captured by FAST appears to mirror the sequence of
stages in normal human development (i.e., developmental ages) [10-12].

Much of the neuroscientific evidence comes from studies of human language (mostly
language comprehension due to limitations of imaging technology and its sensitivity to
motion artefacts present during language production). Several large brain regions including
the left posterior superior temporal gyrus and sulcus (STG/STS) and left inferior frontal
cortex (IFC) have been reported to be crucial for language comprehension (for a review,

see Friederici [13]). Neuroimaging studies [14,15] further supported the argument that
language comprehension in adults is lateralized specifically in the left hemisphere; however,
Olulade et al. [16] found that the degree of language lateralization gradually shifts from both
hemispheres to the left hemisphere during language development in children between age

5 and 11 years. Similarly, Meinzer et al. [17] observed that senior adults recruit additional
right frontal areas to perform semantic tasks, indicating a more bilateral and reversed pattern
compared to those at developmental ages (i.e., from infants to adolescents). Similar patterns
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are observed in dementia patients as well, especially in the bilateral superior frontal gyrus
(SFG) and inferior frontal gyrus (IFG) [18].

As children develop language (and other) abilities, their brains appear to undergo a process
of specialization by which more localized brain regions become responsible for specific
functions [19]. In Alzheimer’s Disease, this process appears to be reversed - as the

brain undergoes the process of neurodegeneration, the brain areas that once specialized

in specific functions are no longer able to support these functions effectively and other
brain areas are recruited to compensate for the deficits, which results in an apparent pattern
of generalization (vs. specialization). Furthermore, this phenomenon of brain plasticity

has been observed in the developing brains of children who sustained focal lesions in

the left hemisphere and were also able to compensate by recruiting undamaged parts of

the brain to support language function albeit with some residual deficits persisting into
adulthood [20]. In addition to structural and functional imaging studies, more recent work
has focused on investigations of functional brain connectivity (FC) which examine temporal
correlations in spontaneous neural activation patterns (hemodynamic, electro- or magneto-
encephalography) of activity within and between various brain regions (for a review, see Van
Den Heuvel and Pol [21]).

Language acquisition is the developmental process of learning how to recognize,
comprehend, produce and manage complex language. The neural basis of language
acquisition and development has been extensively investigated with task-based fMRI studies
[22,23] showing increased left lateralization in developmental ages. Specifically, children
were found to have increased activity in the inferior/middle frontal, middle temporal, and
angular gyri in the left hemisphere whereas decreased activity in the left posterior, superior
frontal, and right anterior as their age increases. Such changes in the corresponding brain
regions lead to improved language skills [24,22] as they affect the ability to retrieve and
manipulate semantic information [25]. Other studies also indicate similar relationships
between brain activity and language development. Kadis et al. [26] observed that the
increased activity in the left inferior frontal gyrus and decreased activity in the right
inferior frontal gyrus lead to better syntactic skills as childhood age increases. Similarly,
Holland et al. [27] observed that children perform better on fluency tests as they age, and
that this corresponds with increased brain activity in the left hemisphere and the degree

of lateralization. These improved verbal fluency skills are further supported by work by
Matute et al. [24] and Szaflarski et al. [22], showing that children score better (i.e., generate
more words) as their age increases. Furthermore, Szaflarski et al. [22] found that language
lateralization slowly decreases with age, which is associated with worse test scores.

The other side of retrogenesis — language deterioration — concerns a gradual reduction of
language ability. As dementia progresses, it impairs multiple brain regions involved in the
retrieval and manipulation of semantic information, resulting in a reversal of the process

of language acquisition, with observable language deficits. Duarte et al. [28] found that
dementia patients suffer from frontal, parietal and temporal lobe atrophies, which negatively
impact performance on many language-related tasks [29]. Previous studies [30-32] indicate
that dementia patients have lower scores for verbal fluency tasks compared to controls.
Another widely-used diagnostic task for detecting language anomalies is the “Cookie Theft”
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picture description (Fig. 3) task from the Boston Diagnostic Aphasia Examination [33].
Studies have identified subtle language differences in picture descriptions by dementia
patients including overuse of pronouns [34], repetition and diminished syntactic complexity
[35], and reliance on words with higher lexical frequency [34].

Benitez-Burraco and lvanova [36] recently present evidence supporting the hypothesis of
retrogenesis from healthy aging adults and children. However, there have been no previous
investigations into retrogenesis utilizing computerized approaches for language analysis in
dementia and developmental ages. Computerized approaches to conversational speech and
language analysis present an appealing alternative to traditional assessments of isolated
linguistic abilities (e.g., verbal fluency tests), which can be labor-intensive, time-consuming,
and insensitive to complex linguistic patterns [37]. Modern neural language modeling
approaches have been recently introduced for the characterization and quantification of
linguistic anomalies in dementia and other neurodegenerative disorders [38—41]. In prior
work, we have demonstrated that a pre-trained neural language model (NLM), GPT-2 [42]
can be artificially impaired to simulate language deficits typical of patients with dementia
resulting in a degraded GPT-2 model (GPT-D) [41]. In the current study, we hypothesize
that computerized neural language modeling can be used to elucidate the phenomenon of
retrogenesis in a quantifiable and reproducible fashion by providing access to several speech
and language characteristics derived with computational linguistic methods.

Based on this prior work, we anticipated that GPT-2, which has been pre-trained on

text produced by presumably cognitively healthy individuals, would be more “confused”
by language produced by younger children and participants with dementia. In contrast

we hypothesized that GPT-D, which has been deliberately degraded to induce linguistic
anomalies that occur in dementia, would be more “confused” by transcripts produced by
older children and healthy seniors, thereby showing that healthy seniors and older children
share similar language characteristics on the one hand, and dementia patients and younger
children on the other.

Our contributions are as follows: a) we applied a novel analytic technique leveraging NLMs
for a comparative analysis of transcribed spontaneous speech from older participants with
and without dementia, and children ranging in age from 5 to 11; b) our results indicate that
healthy seniors and older children share similar linguistic characteristics on the one hand;

as do dementia patients and younger children on the other; c) our study demonstrates that
language deterioration observed in dementia patients mirrors aspects of language acquisition
and can be estimated with computerized approach using NLMs.

Materials and methods

Dataset

The Pitt corpus from Dementia Bank?! contains recordings and transcripts of responses to
the “Cookie Theft” task (Fig. 3 in Appendix A) and cognitive test results. We focused on

1http://talkbank.org/DementiaBank/.
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participants assessed with probable Alzheimer’s Disease, with data from 169 patients and 99
healthy individuals.

Test of Narrative Language (TNL) [43]2 contains assessments of narrative language
acquisition from school-aged children (5 to 11 years old) using story comprehension and
retelling tasks. It includes data from 173 children with specific language impairment and
498 healthy children who participated in the storytelling task. We focused on the transcripts
from the single picture description task for subsequent analysis, as it is most similar to the
“Cookie Theft” task.

The detailed dataset characteristics of the Pitt corpus and TNL are provided in Table 1.

2.1.1. Text pre-processing—We performed basic pre-processing of both verbatim
transcripts using TRESTLE (T oolkit for Reproducible Execution of Speech Text and
Language Experiments)3 [44] to remove references to speech artifacts and speech that did
not belong to the participant. Some participants in the Pitt corpus produced multiple picture
descriptions on separate study visits. We performed participant-level analysis by averaging
our calculations across all available transcripts for each participant.

2.2. Transformer-based model and paired-perplexity approach

The attention mechanism [45], as implemented within the transformer architecture, [46]

has revolutionized language modeling. Auto-regressive transformer NLMs with attention
are multilayer networks trained to predict words based on preceding context. The attention
mechanism involves matrices that learn associations between predicted words and specific
words in the preceding context. Effective transformer models require extensive training on
large corpora, making pre-trained general-purpose models a useful starting point for specific
tasks. Perplexity (PPL) is an intrinsic evaluation metric that measures how well a probability
model predicts a sample [47] (see Equation (1)). Lower perplexity indicates better prediction
on unseen data.

1
PPL(S)=P(S) n

@)

where S represents a sequence of words (wy, ...., w,) containing » words, and P(S) denotes the
conditional probability assigned to sequence .S as shown in Equation (2):

P(S) = P(w; | wo)-+ P(w, | Woly...op _,)

n
= H P(wy | wowi_1)
k=1

@

thtps://chiIdes.talkbank.org/aocess/CIinicaI—MOR/GiIIam.htmI.
https://github.com/LinguisticAnomalies/harmonized-toolKkit.
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The paired perplexity paradigm [39] employs two models to construct perplexity pairs

for transcripts generated by healthy controls and dementia participants, respectively.
Specifically, LMgementia iS trained on all transcripts from the dementia group, while
LMcontrol represents speech from healthy controls using their respective transcripts.

Both models evaluate held-out transcripts, resulting in perplexity values PPL sontrol and
PPLgementia- Transcripts are classified through binary decisions based on the threshold

PPL it = PPLcontrol = PPLgementia When both models have the same equal error rate (EER).
Intuitively, models trained on language from cognitively healthy participants should be
surprised by language from dementia patients, and vice versa. The difference between paired
perplexity values from “cognitively healthy” and “dementia” language models yields state-
of-the-art results [39,40] in identifying dementia using a single interpretable NLM-derived
feature.

2.3. GPT-2 and GPT-D model

GPT-2 is an auto-regressive Transformer model with 12 layers and 12 attention heads

per layer. Each attention head consists of key, query and value matrices to estimate

the relationships between different elements in a sequence. These matrices transform
representations of units of an input sequence as they propagate from layer to layer, to
expose different aspects of the information that they contain. The query and key matrices
are used to determine the importance of other tokens to a token of interest. The value matrix
exposes the linguistic information to be attended to. Representations are composed from
token-specific outputs of the value matrix based on the attention scores produced by the
querykey interactions.

GPT-2 is pre-trained on language presumably produced by cognitively healthy individuals.
However, the lack of a corresponding large dataset from cognitively impaired participants
poses challenges when applying the paired perplexity paradigm. To address this, a previous
study [41] introduced GPT-D, in which masks portions of parameters in the value matrices.
Pairing GPT-2 and GPT-D produced robust performance in identifying transcripts produced
by dementia patients, both in responses to cognitive tasks and casual conversation. GPT-D
also was shown to mimic language behaviors commonly found in dementia patients.

2.4. Syntactic complexity & mean log lexical frequency

Syntactic complexity is a crucial measurement for various language-related tasks, including
identifying dementia and Mild Cognitive Impairment from writing [48] and speech [49], and
evaluating children’s language acquisition [50]. Three main methods are used to calculate
syntactic complexity: a) the Yngve [51] method; b) the Frazier [52] method; and c) the
syntactic dependency length (SDL) between lexical items in the sentence [53-55].

The Yngve method determines the Yngve depth (YD) by analyzing the tree representation
of a syntactically parsed sentence. It scans the tree from top-down, right-to-left, assigning

a score of 0 to the rightmost branch and incrementing by 1 for each level towards the left.
Each word, representing a leaf node, receives a score that accumulates from the root node to
the word. In contrast, the Frazier score emphasizes syntactical tree depth. It assigns a score
of 1 to words connected directly to the root and 1.5 to leaf nodes whose branches are the
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lowest node not situated as the leftmost child of its parent, continuing until no such node is
found. This process yields the Frazier depth (FD). Unlike Yngve and Frazier, which focus on
tree breadth or depth, the SDL method calculates the non-hierarchical length of grammatical
dependencies between lexical items in the sentence.

We estimated the following scores for each transcript from Pitt corpus and TNL using
the Computerized Linguistic Analysis System (CLAS) [48], a fully automatic system
developed using the AllenNLP library [56]. Besides the syntactic complexity metrics, we
also computed the averaged POS tags count and number of clauses for each transcript.

Evaluation

We adapted the paired perplexity paradigm, to evaluate transcripts from both the Pitt corpus
and TNL datasets using GPT-2 and GPT-D, respectively. The generated PPLs from each
model were normalized using Equation (3), where i represents the i-th transcript out of m
total transcripts from the corresponding dataset.

PPL

12V PPL,
= PPI, _Z%

©)

We computed the normalized syntactic complexity, including Yngve, Frazier, and SDL, for
each transcript, denoted as C,, using Equation (4). Here, score; represents the score for each
word in a sentence containing a total of w words, and we calculated the sum of scores for
each word on the sentence-level, ¢, and then obtained the average complexity by summing
the scores on the sentence level and dividing by the total number of sentences .

2o

n

X7 = 1(Z) i score))

n

¢ =

4)

We defined the age segmentation of “younger” and “older” children is defined as the
intersection of normalized PPLs between GPT-2 and GPT-D. Intuitively, GPT-D should
have higher perplexity on transcripts generated by “older” children and healthy seniors with
higher syntactic complexity, resulting in higher PPLs. Conversely, GPT-D should be less
perplexed by transcripts generated by “younger” children and dementia patients, leading

to lower PPLs. Conversely, GPT-2 is expected be perplexed by transcripts from “younger”
children and dementia patients, producing higher PPLs, while it is expected to yield lower
PPLs for transcripts from “older” children and healthy elders.
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3. Results

As illustrated in Fig. 1, with children younger than 8 years old categorized as “younger” and
those older than 8 years old as “older.” As shown in Fig. 2, dementia patients exhibit lower
syntactic complexity than healthy elders across various measures, including the number of
clauses, FD, YD, and SDL. A similar trend is observed for children, with older children
displaying more complex linguistic behaviors. Additionally, we found that dementia patients
and younger children demonstrate similar levels of syntactic complexity, while healthy
elders remain at a similar level to older children. We tested these findings for significance
using a two-sided Welch’s t-test (alpha = 0.01) of the average syntactic complexity measures
of all conceivable subset combinations of younger/older children from TNL and dementia/
healthy seniors from the Pitt corpus.

As shown in Table 2, there were no significant differences in syntactic complexity (FD, YD,
and SDL) between transcripts from dementia patients and younger children. Similarly, no
differences were found in syntactic complexity between healthy seniors and older children.
Although we observed significant differences in the average counts of adjectives and
pronouns between dementia patients and younger children, as well as the count of averaged
adjectives between healthy seniors and older children (as detailed in Table 3), no similar
patterns emerged for the remaining parts-ofspeech (POS) tags. Significant differences were
also observed on the within-group comparison. Specifically, Table 2 shows significant
differences in the number of clauses, FD, YD, and SDL between the transcripts produced
by dementia patients and healthy seniors, as well as between younger and older children.
Similarly, we found that the majority of POS tags for the within-group comparison remained
significantly different for dementia patients and healthy seniors, as well as younger children
and older children.

4. Discussion

Our key findings are summarized as follows: a) automated methods, including state-of-the-
art NLP models, reflect retrogenesis in language samples produced by children and elders,
particularly dementia patients; b) with GPT-D, children under the age of 8 exhibit linguistic
behaviors similar to dementia patients, and this pattern also applies to children above the age
of 8 and healthy seniors.

The current work applies GPT-D to the language behaviors of “younger” children. A
previous study [40] showed that control and dementia LMs react differently to narratives
with higher and lower lexical frequencies, respectively. The current work confirms this
finding, and shows that it applies in the context of language from children also. Our analysis
of syntax is also consistent with prior research, indicating that dementia patients exhibit
reduced syntactic complexity [57,35], while children show increased syntactic complexity as
they age [58,59].

With the paired perplexity paradigm, GPT-D reveals a comparable pattern in linguistic
behaviors used by dementia patients and younger children, while GPT-2 suggests a similar
pattern in linguistic behaviors used by healthy elders and older children. As such, our
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findings provide automatically estimated evidence of retrogenesis, indicating a possible
reversed mirror relationship between language deterioration observed in Alzheimer’s
Disease and language acquisition in developmental ages.

Fig. 2 and Table 2 provide additional support for the language retrogenesis effect

between dementia patients and younger children, indicating a comparable level of syntactic
complexity. Likewise, similar patterns are noted between healthy elders and older children.
Our results (Table 3) indicate that both younger children and dementia patients exhibit
comparable overuse of pronouns previously observed in dementia [34].

The paired perplexity paradigm provides an automated and objective measurement of
changes in linguistic behavior observed in retrogenesis using NLMs. It enhances our
understanding of the intricate relationship between language deterioration and cognitive
decline, offering a comprehensive view of the underlying neural processes during language
development and degeneration. While further research on longitudinal and diverse corpora is
needed, exploring language deterioration and language acquisition with NLMs may inform
the development of targeted interventions for language-related conditions in both dementia
patients and children.

Limitations

The presented work has several limitations. Firstly, all datasets are in American English,
which may introduce language bias influencing the language patterns between children and
dementia patients. Additionally, the content differences in picture description tasks used

in Pitt corpus and TNL could potentially impact the observed language patterns. The age
segmentation of “younger” and “older”applies only to the TNL dataset, and we did not
interpret that cognition and language ability necessarily change monotonically with age.
While GPT-2 and GPT-D reflect the linguistic behaviors of healthy or dementia individuals,
and older or younger children, respectively, they should not be considered as accurate,
comprehensive neural representations of human cognition and language.

5. Conclusion

Our study demonstrates the potential of using state-of-the-art NLP models and the concept
of retrogenesis to monitor language acquisition and identify linguistic changes associated
with dementia patients and younger children. Our study provides additional evidence for
the neuroimaging studies for better understanding the cognitive and linguistic similarities
between younger children and dementia patients. Our work contributes to the growing
understanding of language acquisition and deterioration in dementia, offering promising
prospects for early detection and tailored care interventions. Future research is needed

to validate these findings through longitudinal studies and diverse language samples to
strengthen the reliability and generalizability of our results.
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Appendix A

Fig. 3.
Cookie Theft picture stimulus. Participants are asked to describe everything they see going
on in the picture.
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Fig. 1.
The allocation of normalized PPLs from TNL transcripts across ages.
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Fig. 2.

Within- and between-group means of syntactic complexity metrics, including number of
clauses (top left), FD (top right), YD (bottom left), and SDL (bottom right) comparison

between dementia patients and healthy elder in Pitt, younger and older children in TNL.
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Table 1

Participant characteristics in Pitt and TNL datasets.

Dataset Mean age (SD) Number of transcripts ~ Transcript mean length (SD)
Pitt Control ~ 64.22 (7.94) 242 126.51 (62.98)

Pitt dementia  71.55 (8.60) 235 116.40 (63.81)

TNL 5 y.0. - 49 102.11 (59.47)

TNL 6 y.0. - 100 102.18 (64.63)

TNL 7 y.o. - 100 133.93 (94.69)

TNL 8 y.0. - 101 173.72 (138.16)

TNL 9y.0. - 45 177.05 (93.69)

TNL10y.o0. - 50 224.88 (205.68)

TNL1lyo. - 54 187.52 (75.57)
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