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Modeling Language Development:
How Machine Learning can Enhance Analysis of the Language Environment
By: James Harvey
1. Introduction

Children acquire language in the presence of complex environmental input that they
engage and derive their understanding from. Language environment differences, including those
associated with socioeconomic status (SES), result in variation in available information, and are
ultimately associated with varied learning outcomes (Anderson et al., 2021). There are positive
associations between child language outcomes, input quantity (Jones & Rowland, 2017; Rowe,
2012), and measures of quality including syntactic complexity and vocabulary diversity (Hsu, et
al., 2017; Rowe & Snow, 2020). Recording the home in long form naturalistic ways presents an
ideal way to sample representatively. In particular, the use of Language Environment Analysis
recorders (LENA) presents a way to gather hours of unimpeded exchange in the home. These
devices offer the opportunity to sample a far denser amount of language than what would
typically be utilized, and as such they present new analysis costs. Before expanding on those
analysis costs, and how to overcome them, questions surrounding language sampling must first
be understood.

Ongoing questions include how to effectively make use of samples of up to sixteen hours
in duration. Studies have relied on shorter samples or taking LENA data at face value, but these
each present limitations. Additionally, with those samples of that density, how can analysis draw
meaningful conclusions outside of following automatic metrics? Beyond identifying trends in
traditional metrics like the number of words, analysis can target the role of activities in home
language. More specifically, the use of topic modeling to extract activity contexts from

transcriptions of LENA data could present a new lens to assess home language. One concern
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with previous methods is that metrics are extracted from the context and language itself, losing
many qualitative characteristics relevant for development. This can mistakenly suggest that the
quantity of parental input in development is more influential than it actually is, placing the onus
of developmental gaps on the amount of speech provided by parents (Grieve, 2021; Hsu, et al.
2017; Huang et al., 2023; Kuchirko, 2019).

In the following sections, I will introduce the study’s sampling methodology along with a
metric of interest and a novel approach aimed at uncovering that metric. Our data is produced in
long form recordings, and we are interested in both the traditional quantitative features of those
recordings, but also at ways to identify large-grained context related information from these
samples. To that end, we are exploring the role of activity contexts in the home, and using topic
modeling as a way to attempt an extraction of these activities from the observable language

features.

1.1 LENA Literature and Application

Naturalistic and individually dense recording methods are associated with stronger links
between parental input quality/quantity and child language development than shorter, in-lab, or
otherwise modified settings (Anderson, et al., 2021; Bornstein, et al., 2002; Cameron-Faulkner et
al., 2018). This suggests both that there are relevant discrepancies in the nature of linguistic
exchange based on the setting/activity of recording, and that dense in-home recording methods
that minimally interrupt the flow of linguistic exchange offer improved representativeness of
children’s language experience. To accurately make claims about the experience of children
learning language, the environment they learn within must be optimally recorded in the form of

non-intrusive, individually dense data collection to support the validity of conclusions made.
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LENA devices are modified digital audio recorders that can be secured in specially
designed shirts to constantly record the surrounding environment of a given child. These devices
are designed to alleviate the difficulties associated with sampling densely by making the
technology wearable and capable of providing automatic vocal analysis (Cristia, et al., 2021).
Although initially designed for parents to monitor their children’s language development, these
devices have presented a number of applications in research aimed at naturalistic sampling of
language acquisition metrics (Cristia, et al., 2021). LENA devices can record up to sixteen hours
of audio, and the contained digital language processor (DLP) is able to provide estimates for
adult word count, child vocalization count, and conversational turn count along with measures of
background noise, meaningful speech, silence, and electronic noise as a percentage of the sample
(Cristia, et al., 2020).

Using LENA recorders solves many concerns of previous study designs, but creates new
analysis costs and questions of how to use the data. First of all, individually dense data is just
that — individually dense. One motivation behind lab manipulations of language sampling is the
precision with which a given variable or metric can be observed. LENA devices are not as
precise as those lab manipulations and record the varied natural unfolding of the language
environment in a way that makes extracting conclusions more complicated. Instead of 50
utterances or a set of questions and responses, the output to be analyzed is sixteen or more hours
of environmental noise and language without direction in terms of topics, grammatical features,
participants, or quantifiable metrics such as word or utterance count.

Additionally, LENA’s automatically calculated metrics are subject to error and do not
produce a transcript for the speech contained within samples. For published studies there is a

tendency for overestimation of adult word count and child vocalization count along with an
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underestimation of child turn counts by the digital language processor when compared to human
annotation (Cristia et al., 2020). Fortunately, these imperfect measures can be circumvented,
particularly because of recent advancements in automatic speech recognition (ASR) which make
the use of these recordings more manageable. One way to avoid taking these values at face value
is to use them as an indicator of what segments of a recording to prioritize analysis of.

Although samples of sixteen hours would require up to 176 hours of work by a human
transcriber (if sample time is in a 1:10 relationship with manual transcription time), employing
new tools for transcribing can alleviate much of the burden on researchers (Gaur, et al., 2016;
Novotney & Callison-Burch, 2010). It has been demonstrated that, when ASR is applied with a
word error rate below 30%, this step measurably decreases the transcription time (Gaur, et al.,
2016). ASR has previously been used unassisted to provide the data for analyzing the home
language environment (Greenwood, et al., 2011). For our experiment, the use of a first pass
through Whisper transcription software and the pre-delineation of what utterances to retain on a
human coded second pass can reduce the time required for transcription from around 1:10 to
closer to 1:4. As previously mentioned, in this study, segments of the recording will be
transcribed in priority order using LENA’s automatic metrics. Cutting transcription costs with
Whisper can make an otherwise intractable data set much more manageable and expand the

potential usefulness of these recordings.

1.2 Activity Contexts Change Home Language
Even with recordings and their subsequent transcriptions in hand, researchers still have to
make several analysis decisions that will shape their conclusions. Understanding the degree to

which environmental input predicts language learning as measured by mean length of utterance
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(MLU), literacy, vocabulary development, educational success, etc. has long been a focus of
research (Hoff, 2003; Lytton, 1971; Murphy, et al., 2022). Research has focused on identifying
what variations in environmental input explain gaps in language measures between groups across
SES, race, and educational attainment (Betancourt, 2016; Buckingham, et al., 2013; Henry, et al.,
2020; Hurt, et al., 2016; Shrifer, et al., 2011). Nevertheless, this work has been limited by the
challenge of representing the language environment in its breadth to form meaningful
conclusions that relate to the natural unfolding of linguistic exchange. Historically, the solution
to this challenge has been either to reduce naturalism in lab settings for the sake of observability
or to identify convenience measures and focus on their presentation within given language
environments (Hart & Risley, 1995; Lytton, 1971). This work has utilized word counts (Hart &
Risley, 1995), conversational turns (Donnelly & Kidd, 2021; Gilkerson et al., 2017), and or
type-token-ratio (Hess, et al.,, 1989) as accessible predictive tools for measures of language such
as vocabulary development, but these tools may not reflect the natural unfolding of a child’s
linguistic experience (Baugh 2017; Dudley-Marling & Lucas 2009; Richards, 1987). These are
all legitimate features of language, but they may not capture the breadth of what a child is
receiving in terms of input. Although the number of words a child hears is a great proxy for how
much language they hear, all information about what was said, how it was said, and by whom is
lost. These surface level measures are ideal for practicality, but the density of information
contained by language is not as practical.

The analysis of activity contexts provides an alternative method for describing the
language environment that can avoid some of the pitfalls of other, less rich measures. Activity
contexts are the events and interactions in which language is embedded (Holme, et al., 2021).

These contexts can be thought of as a latent variable beneath other observable metrics such as the
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words used, the participants, and where/when interaction occurs (Roy, et al., 2012). Mealtime,
playtime, book reading, or bedtime routines could all be considered activity contexts for a child
at home and each of these events are associated with differences in the language used (Holme, et
al., 2021). These activities provide an underlying structure that the interaction can be
characterized by and that the child can utilize to attach meaning.

In the home, observing activities as they naturally occur supports a representative
understanding of what the child’s linguistic experience looks like typically. Activities provide the
context for language use - context which is often overlooked or manipulated from its natural
expression through the course of experimentation and observation. The activity beneath an
exchange constrains that exchange across a series of features, and understanding how activities
and their effects vary across homes could provide novel insights. The collection and observation
of activity contexts can therefore improve the quality of conclusions drawn from naturalistic
recordings.

There have already been several examples of studies involving the analysis of linguistic
features as mediated by the activity context they are embedded within. These studies have been
performed across activities within a given environment (Flynn & Masur, 2007; Ogura, et al.,
2006), across languages within activity (Altinkamas, et al., 2014; Doering, et al., 2020; Glas, et
al., 2018), across SES to identify patterns of activity presentation (Hoff-Ginsberg, 1991;
Rosemberg, et al., 2023), within activity with varied activity complexity (Muhinyi & Hesketh,
2017), and within parent-child interaction as a motivator for linguistic features (Crain-Thoreson,
et al., 2001; Soderstrom & Wittebolle, 2013). Additional studies have taken a longitudinal
approach and attempted to identify linkages between the activity contexts observed in the home

and future measurable language outcomes, either through isolating these activities and their
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presentation between families (Demir-Lira, et al., 2019; Gilkerson, et al., 2017) or through the
persistent recording of a single language environment supported by location and time
information (Roy, et al., 2012). These studies have demonstrated links between activities and the
observable linguistic exchange (Holme, et al., 2021; Ogura, et al., 2006), suggesting that
activities motivate certain language behaviors even when comparing across languages (Doering,
et al. 2020; Glas, et al., 2018) or complexities within the same activity (Muhinyi & Hesketh,
2017). Considering the role of activity contexts in patterning linguistic exchange, the
identification of these contexts presents an enticing opportunity for insight into the language
environment, particularly with naturalistic recording methods. A key question that arises from
prior research is how to best record and then identify these activities in their natural presentation,
and how to compare when they occur for different families. Considering that we want to
understand activities as a latent variable that constrains features of language including which
words are used, adapting natural language processing techniques to this data set could yield new

insight.

1.3 Topic Modeling for Dense Data

Recovering meaningful information about communicative activities from natural
language use is a challenge. Natural language refers to any human language whether written or
spoken as opposed to a language formatted for computers to understand. Natural language is full
of superfluous features that may not connect to the meaning when compared to programming
languages. To automate analysis of natural language, context is often removed in favor of

quantifying surface-level features, but this overlooks the importance of context in setting the
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stage for the nature of linguistic exchange. To gather information about context, tools must be
employed that are capable of analyzing dense natural language data.

One approach to this end is the use of probabilistic topic modeling, a method for
analyzing dense data popular in natural language processing. Probabilistic topic modeling is a
statistical machine learning technique that can be used to organize and search across large-scale
datasets to produce salient themes from within a given sample (Blei, 2012). Latent dirichlet
allocation (LDA) modeling is particularly useful for analyzing unstructured or highly variable
data as it functionally “zooms out” of the data to focus on the themes and interaction between
themes rather than particular features (Blei, 2012). The process of LDA topic modeling acts
without regard to the order or meaning of the input, and instead focuses on metrics about the
occurrence of words (Kherwa & Bansal, 2019). In this way, the model processes the input as a
bag of words: an ungrouped set of tokens across the sample rather than an organized continuous
document. This methodology allows easily permutable scaled data analysis across the transcribed
LENA recordings (Kherwa & Bansal, 2019). The creation of these models is motivated by a
number of assumptions about how given observable features of language come to be.

The primary assumption is that all texts and samples, referred to as a collection of
documents moving forward, are formulated through a process that combines observed and
hidden variables to generate their realized form. An observable feature would be any words
retained from the sample and hidden variables motivate the form of that observable input. In
topic modeling, topics are assumed to consist of a set of similar words within documents. When
active, a topic will make the use of certain words more likely relative to the frequency of that
word in the input corpus at large. In this way, a topic within topic modeling could function

similarly to an activity in the home. Each of these features motivates variation in the observable
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home input, but is invisible within the input itself. Variation between activities or topics would
generate variation in the frequency of tokens across a given sample. Understanding how a
document takes its form motivates the way that topics are extracted.

For example, before writing a newspaper article about a restaurant and their cuisine, a
journalist may consider the story they want to tell and the beats they need to include along the
way. To transform this story from ideas into an observable article, the author must use sufficient
detail to convey their points, must follow the grammatical rules of their writing language, and do
so within a certain amount of words or space on a page. Topic modeling uses statistical analysis
to uncover the ideas that generated that writing. For a person to manually identify topics in an
article, they would have to read through each section and try to identify what the key features of
the article are. In doing so, they would generalize across the article, ignoring much of the
observed form in an attempt to identify what topics are behind the article. Topic models use
statistical analysis motivated by the assumption about how words are embedded within topics
across documents, to automate this same process of identifying hidden variables.

All words within the input corpus are made into a bag of words and then a document term
matrix where each unique type is stored with an associated frequency count. From there, the
modeler asks for hyperparameter inputs on the number of topics to extract and the number of
iterations to run. Then each word within the document term matrix will randomly be assigned to
a topic, and each document will be randomly assigned a proportion of each topic. The model
uses these random distributions and hyperparameters to recreate an output corpus of identical
volume. When the modeler does a good job at identifying the relationships between words and
topics and topics and documents, the resulting output will look similar to the input. Whichever

iteration most directly reflects the input has the most accurate identification of topics. That
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winning model will be presented in the form of unlabeled topic lists that require human

interpretation.

1.4 The Current Study

At its core, this study is concerned with sampling and analysis metrics. Sampling is the
way of getting ground truth into the form of analyzable meaningful data, but every sampling
choice manipulates the conclusions drawn. Similarly, analysis is a necessary abstraction, but one
that comes with associated costs and benefits. This study is evaluating the efficacy of a pipeline
of producing, transcribing, and analyzing long form naturalistic samples using LENA recorders.
To validate that this method of sampling produces useful data salient to the nature of home
exchange, sampling will be validated by scanning for expected effects of socioeconomic status
and parent input on home language and child performance. The presence of expected trends
would suggest that this unconventional method creates representative data, and it would provide
further support for this pipeline's application beyond associated time benefits.

To validate our sampling approach, the data will be evaluated for SES and developmental
effects. Mixed effects models will consider the effect of participant income and child vocabulary
size on the observed language features while controlling for participant level variation. If this
sampling method is representative and recreates expected patterns, then families of higher SES
and children with higher standardized PPVT scores are expected to have a greater number of
words (NOW), number of different words (NDW), and mean length of utterance in words
MLU-W. The effects of this SES variation on language would also be expected to be less strong

than the effect of parent language on child vocabulary scores on the PPVT. If this method is not
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valid, then the patterns in variation may be in the opposite direction or otherwise missing
altogether.

In the second part, we will implement topic modeling as a novel analysis of home
language. This data is sparse relative to typical topic modeling applications, but it is dense
compared to typical language samples that a speech pathologist would analyze. This density of
language presents costs at the analysis stage due to its sheer volume and the difficulty of
selecting and extracting meaningful conclusions. To overcome these density costs, topic
modeling will be applied in the hopes that it can uncover the latent variable of activity contexts
within the data. This will be evaluated first by an attempt at human annotation of activities from
the topic lists, and then by observation of an inter-topic distance chart that allows the model to be
evaluated in a 3D representation of linguistic space to identify if the lists seem distinct.

Completing this study will give insight into the nature of home language exchange,
sampling, and analysis. If expected patterns are uncovered in the form of t-tests and mixed
effects models, then the sampling will be validated as capturing the home effectively. If this
pipeline produces valid data, then it should be shared as a way to scale up sampling while still
improving efficiency. Once transcripts are in hand with sampling validated, topic modeling
presents a new mode of exploring the data. If effective, topic modeling could provide an

interesting supplemental analysis to traditional language sampling metrics.

2. Methods
2.1 Subjects
This project involved secondary analysis of data collected from 32 families in the

Washington, DC metro from varying SES backgrounds. Based on a median split, SES
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background was split into two groups (low and high) in reference to the comparison of the
family’s yearly income to 70-100k where a family with an income over this range was labeled
“High SES” and a family below this range was labeled “Low SES”. Within these delineations,
there were 20 participants from low SES backgrounds and 12 from high SES backgrounds.
Children varied from 4;0-7;5 on the days of recordings with a median age in the range of 5;0-5;5.
Nine of the participants were recruited from Howard County Community Action Center Head

Starts, and the remaining twenty-three were from other parts of the DC/Maryland area.

2.2 Materials and Procedures

Participating families were mailed the LENA device and accompanying shirt and asked
to record an eight-hour sample on two different days for sixteen total recorded hours. Upon
return, recordings were uploaded to LENA Online. By default, the recordings are broken into
five-minute segments. LENA’s proprietary algorithms automatically calculated the metrics
mentioned above (AWC, CVC, CTC) per five minute segments of the sixteen hours. With these
metrics recorded and accessible in a CSV, a Python script was implemented to sort from most to
least “meaningful speech”. Meaningful speech was identified by the total speech coming from
nearby human sources within each segment. This process identified and ranked segments by the
amount of meaningful human speech to reduce the analysis of samples laden with silence,
background, or electronic noise.

Although the estimates that LENA provides are subject to error, because we are
transcribing the segments, we are not taking their figures at face value. Instead, an automated
process hurries the analysis by giving a starting point for which segments of the total sixteen

hours to analyze. LENA’s metrics and Whisper’s transcripts are simply the initial place from



Harvey 13

which human analysis will eventually interfere to ensure precision and accuracy. Using the
volume of meaningful speech to prioritize segments should allow samples to include the most
dense parts of the day in terms of language exchange.

These sorted five minute audio clips were automatically transcribed with Whisper,
OpenAl’s Al-assisted automatic speech recognition (ASR) system (“Introducing Whisper.”,
2022). This process outputted transcriptions of all words found within the audio file segments
with higher accuracy for adult speech (“Introducing Whisper.”, 2022). To improve this first pass
transcription, human research assistants examined each text file while listening to the segment’s
associated audio file to ensure the transcripts were accurate. In addition to fixing up
mistranscriptions, transcribers also separated the available adult utterances while removing any
transcribed child speech, background, and electronic noise.

Electronic noise, for the purpose of this experiment, included any captured TV, phone, or
otherwise virtual speech that was not directly present or interacting with the child. This allowed
for some cases, such as a participant talking to their parent on a video call, to still be admitted as
a part of the language environment without giving the same distinction to remote speech not
directed at the child. Once recordings were transcribed through the two-pass approach, the
“cleaned-up” transcripts were concatenated into a single file for each participant. Analysis was
run at the segment level to ensure that the sampling method reproduces expected variations
across SES and parent input. The concatenated files for each participant are the input for topic

modeling.
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3. Results
3.1 Validating Language Samples Using Traditional Metrics

The first goal of this study is an evaluation of a new sampling methodology. This study is
not the first to use LENA recorders to extract information about the home language environment,
but the pipeline that the data goes through is relatively novel. Because this is an unconventional
approach, the data cannot be taken at face value and must be validated by comparison to
evidence-based patterns in variation. Before analysis is conducted on the language features
captured by this methodology, early results must be compared to established findings. The two
findings that serve as validation for sampling have to do with the effect of SES on language and
the effect of parent language on child vocabulary.

The relationship between socioeconomic status and language has been explored from
many angles, but the most relevant for this study is the effects of socioeconomic status on parent
language and on natural recordings of home language. If expected trends are recreated, parents
from higher socioeconomic status backgrounds are expected to have a greater NOW, NDW, and
MLU-W, but these effects are not very strong in naturally recorded home language
(Huttenlocher, et al., 2010; Piot, Havron, & Cristia, 2022). The other primary finding that this
study is seeking to replicate is the effect of adult language on child vocabulary and standardized
testing performance. Particularly, vocabulary size is related to parental input and this study will
directly assess the effects of parental input on child vocabulary performance (Arriaga, et al.,
1998).

To assess whether expected trends are retained within this sampling method, first t-tests
were run to assess the relatedness of SES and each of the primary metrics of interest (MLU-W,

NOW, NDW, and number of utterances). The results of those analyses are seen in Figure #1. The
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expectation is that there will be a greater NOW, NDW, MLU-W, and number of utterances in
homes of higher SES compared to lower SES. Therefore, if LENA is sampling in an effective
manner, then the data should reflect that established trend. When observing the data like this, cut
along a median line rather than continuously, it becomes clear that all variables of interest,
except for number of utterances, demonstrate this trend. There are statistically significant
variations in each of these language metrics when comparing across SES. Mixed effects models
looked at this same relationship of SES and language metrics.

Violin Plot of NOW by SES Violin Plot of NDW by SES

500
1200-
t=-3.62 t=-5.15

400 -

g
= 80- =
s <
o «» 300-
< 8
g H.L = H.L
S LowsEs & Low SES
?_ <! $ 200- it
5 High SES & High SES
5 400- =]
-g ks
> 2
=4 100 -
E
=
0- 0-
Low SES High'SES Low SES High' SES
SES SES
Violin Plot of MLU_W by SES Violin Plot of Number of Utterances by SES

! t=-8.25 t=-0.91 |

200~

w
=}
'

a
=}
'

n
o
'

° HL

L]
E Low SES
o
~ ° High SES

HL

Low SES
High SES

Number of Utterances
g

o
v

Mean Length of Utterance in Words (MLU_W)

Low SES High'SES Low SES High'SES
SES SES



Harvey 16

Figure 1: SES T-Test results

Each panel tracks the relationship of a language metric and home SES separated into high or low SES. A: Kumber of words

(NOW), B: Number of different words (NDW), C: Mean length of utterance {in words) (MLU-W), D: Number of utterances.

Mixed effects models allow statistical disentanglement of multiple mediating variables.
In this case, variation in the recorded home language is expected to be explained by participant
level variation and as the result of fixed socioeconomic status effects. To assess what the effect
of SES is on home language, mixed effects models must include the random effect of participant
level variation and analyze the fixed effect of SES on the dependent language metric variables.
Within these mixed effect models, the only statistically significant relationship is between SES
and MLU-W (t=-4.997, p = 0.000114). All other comparisons were not significant (p’s > .05).
Although t-values demonstrated the significance of differences in these features, mixed effects
models suggest that MLU-W is the only feature that is tied in particular to SES whereas the
others may be more impacted by participant level variation. The next validation has less to do
with expectations about features of the home, and more to do with the effects of home variation.
For the second set of validation efforts, the linkage between parent input and child

understanding is investigated through the Peabody Picture Vocabulary Test (PPVT). Mixed
effects models were once again built with participants as a random effect. In these models, child
PPVT standard score is plotted by the home language metrics. This analysis is directly
investigating how predictive PPVT score is for the features of home language. The results of that
analysis are in Figure #2. Within this chart, each point represents a five minute segment from a
participant of a given PPVT score as plotted on the x-axis. Each of these variables demonstrate a
positive correlation, but most of the metrics have a weak to very weak correlation between the

language metric and PPVT performance. The positive direction of the relationship was as
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hypothesized, but to understand the relationship between these variables better, mixed effects

model results must be considered. There are statistically significant relationships between PPVT

score and MLU-W (t=2.733, p=0.0135), NDW (t=2.99, p=0.0079), and NOW (t=2.38,p =

0.0285) when controlling for participant level variation. This suggests that there is a stronger

relationship between the features of home language and a child’s understanding (as measured by

PPVT) than the relationship between parent SES and home language.
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MLU_W as a Function of PPVT.S
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Figure 2: PPVT Mixed Effects Model Results

Each panel tracks the relationship of a language metric and child PPVT standard score, A: Number of words, B: Mumber of

utterance, C:; MLU-W, [; NDW, There are statistically significant relationships between PPVT score and MLU-W (1= 2733, p

=00135), NDW (1= 2,99, p = 0.0079), and NOW (1 = 2.38, p= 0L0285)

. Thus far, the sampling methodology has recreated the expected trends in home language

across SES and in children’s performance across adult input conditions. These mixed effects

models along with the T-tests all suggest an underlying pattern of both SES predicting home

language and parent language predicting child vocabulary to a greater degree. There is a lesser

predictive strength of SES for parent language than there is for parent language and child PPVT

score. This was the expectation considering the naturalistic data collection method tends to show

weaker SES effects on home language (Piot, Havron, & Cristia, 2022). Because these trends are

extractable from this sampling methodology, the pipeline from LENA distribution to transcript

analysis seems to be a valid way of sampling the home.
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3.2 Topic modeling

Before topic lists are extracted from participants' concatenated transcripts, decisions must
be made in terms of text preprocessing and the number of topics to output. In preprocessing,
input text is aligned closer to the meaning of the words contained within the sample through
processes like stop word removal. The removal of stop words, words which carry grammatical
function without an effect on meaning, is a crucial step to producing meaningful conclusions.
This reflects the analysis goals of the topic modeler in identifying the hidden meaning-related
variables beneath the observed features. For the purposes of this project, 127 grammatical stop
words were removed using the words identified within the Natural Language Toolkit (NLTK)
(Bird, Klein, & Loper, 2009). These words would not saliently contribute to a meaningful topic,
or in this case activity context. Words like “the” do not have the contextual weight associated
with a distinct topic or activity. Including those words would introduce more noise into the
system and lead to less interpretable topic lists.

Beyond removing stop words, the topic modeler also requires input for the number of
topics to identify. For our project, the modeler will produce five topics per transcript. Within our
data, this decision produced more coherent topics compared to larger or smaller quantities as
measured by the LL/token metric and comprised a large enough set for interpretation. LL/token
is a measure of a model's log-likelihood over the total number of tokens where a higher value is
associated with better model performance. Topic lists greater than five tended to produce a lower
LL/token when applied to our data, so five topics was the ideal hyperparameter by that metric.
We tested the model’s success producing lists of three, five, ten, and fifteen topics for two

participants, and this led to our decision. Additionally, because topic modeling requires human
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interpretation, reducing the number of topics to increase LL/token would only make the available
information more limited in utility. Maintaining five topics allowed for a balance between human
interpretability and statistical support in the form of LL/token. All data preprocessing steps were
evaluated by varying the hyperparameters of the number of topics, stemming, and stop word
removal and observing the outcome. The final version of each transcript was processed using the
Gensim Latent Dirichlet allocation (LDA) topic modeling algorithm.

Topic model evaluation is a challenging task that is still being perfected, but it requires a
set of statistical and human interpretations. The first pass evaluation is the human interpretation
of topic lists. For our study, when reading through the identified words, is there a salient theme
that suggests the model found an activity context? The rest of the evaluation of the output is
statistical in nature. The model outputs values for the LL/ratio and the weight of a topic within a
document. Secondary analysis, in the form of intertopic distance charts, depict the distinctness
and scale of topics within the corpus in the form of clusters. These visualizations give insight
into how separate and weighted each topic is, and overlapping topics are considered less salient
or meaningfully different from one another. Success for the model would be the production of a
set of topics that a person can read and then identify as belonging to an activity. This success
would have to be supported through statistical means as well. Failure for the model could be
topic lists that cannot be identified as belonging to any activity or an inability to find
hyperparameters that work across participants. These models are necessarily swayed by the
hyperparameters and preprocessing, so initial failures are expected in the process of refining the
pipeline. For topic modeling to be considered a success however, the user-inputted
hyperparameters and text preprocessing must be able to remain static while generating

meaningful topic lists across participants.
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The goal of finding a set of preprocessing decisions and hyperparameter adjustments that
would uncover activity contexts from dense unstructured transcripts with topic modeling was
unsuccessful. The modeler’s performance is considered a failure on account of an inability to
generate coherent activity related topic lists. This can be considered a first pass failure because
without reference to LL/ratio or any other evaluative metric, the topics are not coherently
interpretable to begin with. This means that even if the model rates its performance highly or if
there were distinct clusters when observing the inter-topic distance, the process still failed to
identify activity contexts. This failure occurred both across and within participants as topic lists
contained words with low contextual weight that could not be reasonably interpreted as
constrained to an identifiable activity context. Analysis of LL/token and intertopic distance are
not strictly necessary to evaluate the effectiveness of this pipeline, but intertopic distance charts
were created nonetheless.

Figure #3 is an example of the intertopic distance chart of one participant’s data. This
intertopic distance chart has more distinct topics relative to other participants, but observing the
size of these topics reveals a different problem. While these topics are not on top of one another
which would suggest that they are not distinct in tokens, they are generally small with one
exception. This indicates that within the input, those topics make up a small percentage of the
overall data set relative to a larger cluster. An intertopic distance chart alone is not sufficient to
evaluate the identification of activity contexts, but when the chart displays a large amount of

overlap or very small clusters, then it would appear that the model is not working effectively.



Harvey 22

Intertopic Distance Map
02

Topic O

Topic O Topic 1 Topec 2 Topic 3 Topic 4

Figure 3: 37_SF Intertopic Distance Chart

Pictured above is one intertopic distance chart from participant 37_SF. Within these charts, the size of the circle represents the

weight of that topic within the corpus, The location represents the parts of the corpus that the topic includes, and distinctness

suggests that topics consist of unique parts of the corpus.
4. Discussion

This study assessed a new method of sampling language that attempted to solve some of

the analysis concerns associated with LENA recorders while still taking advantage of their
naturalistic dense recording style. After sorting segments according to meaningfulness of speech
and transcribing with a technology-assisted two-pass approach, the sampling was validated by
t-tests and mixed effects models that targeted both the effects of family SES on home language
and the effects of home language metrics on child performance on PPVT tests. The results of

these statistical analyses recreated effects found by other methodologies which serves to validate



Harvey 23

the data’s pipeline in producing a representative picture of the home language. In combination
with a novel transcription approach, the study also assessed the effectiveness of topic modeling
at extracting themes in underlying activity contexts from home language. This goal was
unsuccessful, likely as the result of an incompatibility between the data and topic modeling.
The following sections will cover the results of the mixed effects models and potential
explanations for why topic modeling failed. The mixed effects models justified the sampling
method and there are many potential reasons why topic modeling could not extract activity

contexts. Finally, the limitations of the study and potential future directions will be discussed.

4.2 Evaluating Mixed Effects Models

Mixed effects models were constructed with and without segments that contained no
utterances. Where the previous analysis provided insight into the home language only including
segments with speech, the results change greatly if empty segments are included. Observing the
model results when all segments are included, there are significant effects of the number of
words and number of different words on a child’s PPVT performance. The number of utterances
and MLU-W are not significant predictors of PPVT performance when segments without
utterances are included in analysis. When only segments with speech are analyzed, MLU-W,
NDW, and NOW are all significant predictors of PPVT standard scores. These results suggest
that all three of those metrics mediate the relationship between a child’s innate ability and their
observed performance on language tasks.

Beyond finding a meaningful connection that validates the sampling method, this points
to how crucial each analysis decision is in shaping the results of a study. One of this study’s

underlying analysis decisions was the choice to transcribe using a two-pass approach. This left
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some of our sampled segments without any utterances. For our purposes we decided to report the
results only including segments that had retained adult speech, and the rationale for that decision
is found below in the limitations section.

Automated transcription allowed for scaling up of analysis without time or accuracy
costs. Researchers are not active in the process of recording the sample or completing the first
pass of the transcription. This means that a researcher could feasibly have a first pass of a sixteen
hour sample with audio files and transcripts in as long as it took their computer to process the
files. Of course, there are also costs associated with sending out and waiting on the return and
upload of LENA files, but these recordings can be created parallel to one another and parallel to
the analysis of other samples making this less of a factor.

Transcription is a highly costly part of the process of language sampling typically.
Developments in artificial intelligence have made it possible to more accurately produce
automatic transcripts. Even where these systems make transcription errors they should be caught
by the research assistant responsible for trimming the transcription. For unambiguous words, the
transcriber should be able to quickly affirm Whisper’s transcription, but the ambiguous cases
present a more interesting scenario. In the event that a speech sound is difficult to discern, having
a first attempt at a transcription could bias transcribers to hearing something that may not really
be there. Early research into the quality of data produced by this transcription pipeline is highly
positive. When comparing segments where a research assistant transcribed without a first pass to
those same segments transcribed with the two-pass approach, the transcriptions were within the
goals for inter-transcriber reliability. Beyond accuracy, the time gains of this system are clear.

Another primary benefit of this approach is that Whisper can be run locally which means

the potentially sensitive data being transcribed will not have to be uploaded to an unsafe server
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or cloud. This two-pass transcription produces equally accurate results faster and just as safe as
traditional methods. Primary drawbacks of this system are the technological savvy necessary to
run the programs, the still limited ability for these systems to transcribe child speech effectively,
and the related troubles extending automatic speech recognition to multilingual and clinical
populations. The technological barrier could prevent people who would benefit from this
approach from utilizing it. As ASR improves, the accuracy difference between adult and child
speech will hopefully reduce, but the specialized language of clinical populations may lag behind
further. Additionally, if a family or individual switches between language or dialect, these
systems are less attuned than a knowledgeable transcriber. Two-pass transcription is not a
universal solution, and it is optimized for cases of large scale adult language transcription, but in
terms of efficiency, accuracy, and safety, two-pass transcription matches or exceeds what can be

achieved by raw transcription.

4.2 Why Topic Modeling Failed

This study evaluated the extent to which topic modeling can extract salient activity
contexts from long-form natural language sampling. The unlabeled topics produced by the topic
modeler could contain tokens embedded within identifiable activities. If the process of
transcription, preprocessing, and topic modeling can provide insight into the activity contexts
presented within the 16-hour recordings, this automated process can be advantageous for gaining
insight into the naturalistic presentation of activities across homes and across SES.

Our hypothesis was that the topic modeler will be able to identify these activities when
analyzing the transcripts of adult utterances. This hypothesis is supported by research that

suggests activities mediate the features of linguistic exchange including both the choice of words
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and utterance complexity even across different language environments (Holme, et al., 2021;
Ogura, et al., 2006; Rosemberg, et al., 2023). This hypothesis is further supported by the value of
topic modeling for analyzing dense unstructured data, and the assumption that the output of these
models will be markedly different for home language than for written word. LENA data is not
structured like a series of structured written documents, it is not centered around topics, nor does
speech follow the same degree of grammatical rigor as writing. These factors produce documents
much different from the typical application of topic modelers, and this variation may be
advantageous for the automated identification of activity contexts.

There is already existing work that utilizes machine learning techniques such as topic
modeling to identify activity contexts in natural language (Roy, et al., 2012; Wang, et al., 2014)
Although these studies both dealt with denser data, and Roy’s work included measures of where
and when language was exchanged, these studies function as benchmarks for the successful
application of topic modeling with the objective of activity context identification. Our study
presents a trimmed down data set with the hopes that the function of the topic modeler over a
smaller body of text will still be able to similarly extract meaningful information from natural
language exchange.

Topic modeling is optimized to run over a large input corpus to find patterns in word
distributions that are artifacts of some hidden “topic”. In our case, the goal of topic modeling and
the nature of the input are different. We neither want to identify the topics of conversation in the
home (e.g.: sports, work, school), nor do we have data that was written or produced with an
explicit purpose. This project acts under the assumption that activity contexts are a latent
variable that can explain some amount of observable speech output. This is similar to the

assumptions that make topic modeling effective over written material produced with themes
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“behind” the analyzed documents. The difference is that these activities are not conceptually
related in the same way to the output as those themes are. The themes that a journalist includes in
an article are built by the words that a topic modeler may identify, but an activity is underlying
and maybe only makes certain words more likely relative to their occurrence across contexts.

The reasons for this failure may lie in the nature of the data and or in the way that activity
contexts constrain language differently from a topic. While samples of sixteen hours are large
relative to typical clinical or research language samples, they pale in comparison to the scale of
typical applications of topic modeling. Although the nature of the segment selection and
transcription process results in unstructured individually dense data, it may be the case that there
are simply too few documents for topics to become coherent beyond commonly used words.
Alternatively, the data may never be appropriate regardless of density simply due to a data and
analysis misalignment.

Topic modeling was developed to extract themes from large sets of written documents.
The relationship between topic and observable output in that case is drastically different from
home language. In an article, the author has some concept or topic that they materialize in
accordance with stylistic and grammatical limitations. In the home, and in conversation in
general, this process is significantly messier. First, topics of discussion are not predetermined or
clearly distinct and the flow of a discussion is impacted by all participants and their perceptions.
Second, language is a means to an end in a different way in conversation than in writing. Where
an article must be able to stand on its own in communicating some set of information,
communication in person can rely on visual cues, shared understanding between participants, and
other pragmatic forces that would otherwise escape transcription. As such, the features that shape

observable output are more complicated and varied in home natural language than in written
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documents. The tool of topic modeling was designed for a certain goal, and the contrasts
between its intended application and the current study’s data could be too great to reconcile.
Failure could also be the result of the way activity contexts interact with language.

Although there are documented effects of the activity context on the nature of linguistic
exchange in the home, those effects may not be clear in this sampling methodology. Parents are
asked to record two “typical” days that the child is not in school for. These recordings therefore
contain all of the activities of that child’s two days, but topic modeling may be blind to the effect
of these activities.

First, only a portion of the segments are analyzed, namely the segments expected to
contain the most speech. Therefore, if an activity were to increase the sheer volume of language,
it would also be disproportionately represented in the concatenated transcripts. Secondly, the
topic modeler is aggregating across the provided text input, input that lacks child speech which
may have further contributed to the salience of activity contexts. Lastly, similar to how the data
may be too sparse for topic modeling, it may be too sparse for the effect of activities to be visible
from only the adult speech of two non-school days. There may not be a large enough range of
densely represented activities within that time, and the effects of activity variation may therefore
be lost. Perhaps encouraging parents to complete some of a set of preexisting activities during
their recording could introduce greater variety in a controlled manner. Fortunately, this study was

primarily focused on evaluating the sampling methodology’s representativeness.

4.3 Limitations & Future Directions
This study’s primary aim was an evaluation of a sampling and analysis methodology. Part

of that validation process involved comparisons across socioeconomic groups and an evaluation
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of the effects of that participant characteristic on the observed features of home language. T-tests
and mixed effects models generated evidence that the expected variations are recorded within
this sampling method. Unfortunately, although our sample includes families across SES, our
LENA data from that sample is less evenly distributed. Within the recruited families for the
project that this study is nested in, parents from lower SES households were more hesitant to
allow the recording of sixteen hours of their children’s lives.

There are many explanations for why someone may not be comfortable with this
recording method, but parents cited specifically that they may not have a regular enough routine
across non-school days, or they are in a single parent or separated household where they aren’t
always around their child. Research has also consistently been extractive and pushed deficit
models that would not encourage participation by members of these groups. The primary effects
of this hesitance are twofold. First, for the purpose of the mixed effects models, SES had to be
considered as a categorical variable along that $105,000 annual income line. Second, there is
simply an overrepresentation of the language environments of higher SES families. This may
limit the study’s ability to make sweeping conclusions about home language variation in relation
to socioeconomic status. Beyond validation of the sampling, segment selection decisions may
have limited the salience of activity context effects.

The feature of language that we use to select segments varies as a function of activity and
therefore biases our sample towards the activities that contain the most speech. More
specifically, we sorted the segments based on which were labeled as having the most meaningful
speech. If during playtime, parents spend more time talking to their children than they do during
other parts of the day, then segments recorded during playtime would be expected to make up a

greater proportion of the analysis than the sample itself. This would therefore reduce the
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representativeness of activities as they actually occur. To circumvent this, random sampling of
segments would be more effective if activity context identification is the primary goal. Segments
were also somewhat hindered by LENA’s tendency to overestimate the amount of speech in a
given segment.

Our study only retained available adult utterances in the transcripts, so there were many
examples where a segment would be cleaned to the point of no longer containing utterances that
would be analyzed. That could be the product of faulty estimations or misattribution of a speaker
as an adult by LENA. In either case, there were a number of segments analyzed that did not
actually contain meaningful speech for the purpose of our experiment. This impacted the
statistical analysis, and required a decision on whether to retain them for the purpose of
validating the sampling method. In the end, we decided to analyze only the segments that did
contain adult speech.

The theoretical motivations for that decision have to do with the goal of the study and
comparison to more conventional sampling. First, we do not want to put the blame of LENA’s
mistakes on the participants. The only reason that a sample without speech would be transcribed
in the first place is because of our decision to sort and transcribe in accordance with meaningful
speech. To include a segment without speech would present families as less talkative than if
LENA had been more precise, but it would not necessarily indicate that a given family actually
does talk less. Instead, empty segments are artifacts of LENA overestimation and our
transcription pipeline. In fact, these segments are not necessarily empty at all. Depending on the
individual segment, there could be a lot of child speech or other language that was excluded for
not being analyzable adult speech. Regardless of the content of these segments, because we only

analyzed adult speech, segments without such utterances were removed. The other motivation for
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discarding those segments without adult speech is the fact that this is supposed to be a way to
sample language.

In any other mode of language sampling, the continuous nature of recording would make
pauses or delays contained within the sample itself. Although these empty segments are included
in the sixteen hours, we are not currently observing each and every recorded segment
sequentially. Instead, we are extracting a percentage of the total sample to reach an estimated
word count. We are interested in the features of language across homes, and those segments
neither tell us about home language, nor do they even tell us about how often a family is quiet.
These segments should be discarded because they are only transcribed as the product of LENA
algorithms not the home language, and if we knew ahead of time that they lacked adult speech,
then they would not have been transcribed in the first place.

Future work looking to observe activity contexts in naturalistic samples with LENA
could employ an activity log provided to parents. Although this would require more awareness
and conscious participation in the research, it could give insight into the variation of activity
contexts across families and their effects on language exchange. As previously mentioned,
random segment selection would also more effectively record the natural presentation and
variation of activities if an activity log is dispreferred.

This project is ongoing and the long term goal is to transcribe the full sample provided by
participants for future analysis. Eventually, child language may be included in these analyses.
Adult utterances were the priority of this study because ASR makes fewer errors with adult
speakers, so time gains from the two-pass approach would be maximized (Shivakumar, &

Georgiou, 2020). This changes the nature of our conclusions and the effects of activity contexts.
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As automatic speech recognition and speaker diarization tools improve, this style of dense

transcribed natural language sampling will become even more efficient..

5. Conclusion

The most important finding of this study is the validation of this sampling methodology
and transcription pipeline. Results of mixed effect models and t-tests demonstrate expected
variations across SES and the influence of parental input on child language performance which
justifies the sampling method. Not only are LENAs able to record a denser sample of the home
in a more natural way than conventional sampling, but using ASR for transcription can make that
data accessible rapidly. Although topic modeling was unable to extract activity contexts, it still
represents a view toward advancing techniques in the field of language sampling. As NLP tools
become more sophisticated and accessible, analysis techniques should try to implement these
tools as a supplement or replacement for past methodologies. In this study Whisper, the python
natural language toolkit (NLTK), and gensim are all automated processes and provide output that
would be human interpreted. In this way, the advanced tools are still not taken at face value and
human intervention is necessary for analysis. This provides research with all of the efficiency
gains associated with automation without risking making conclusions from unchecked data. The
most translatable of these processes is the two-pass transcription.

By utilizing Whisper before a human trimmed the transcripts, there were time gains
without any costs to accuracy. This is an entirely local process and can be operated at whatever
scale. Future research could mirror this two-pass approach for the same benefits to efficiency
without risks of data sensitivity. Overall, this reflects the belief that researchers have the

responsibility of lowering the barrier to entry for representative data collection and analysis.
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Each and every decision in terms of sampling and analysis is directly responsible for framing the
results of research and clinical practice, so research must continue to improve our understanding

of these decisions and their effects on conclusions drawn.
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