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Abstract
This paper describes a dataset consisting of manually annotated nouns from a corpus of longitudinal day-long audio and
hour-long video recordings collected monthly from 44 babies from age 6 months to age 17 months. This dataset was created
as part of a larger project, called SEEDLingS, that examines the development of infants’ language comprehension before and
after their first birthday, from earliest comprehension to the early days of word production. This paper provides an overview
of the corpus, describes how and why the nouns from the corpus were annotated, and discusses considerations for the reuse of
this dataset for future work. The described annotations and relevant metadata are publicly available alongside this manuscript.
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Introduction

Language is an essential component of human cognition,
around which many aspects of human behavior, interaction,
and communication are built. Studying language develop-
ment in infants and children offers valuable insights into the
inner workings of the human mind and the way language
connects to cognitive and social development (Miller, 1990;
Rebuschat et al., 2017). By examining the language children
experience in concert with their own evolving language abil-
ities, we stand to gain a deeper understanding of both the
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nature of children’s linguistic knowledge and the learning
processes that support it. What follows, most centrally, is a
description of a dataset of nouns heard and said by monolin-
gual English-learning infants that may provide some insight
into early language development. We see the loftier goal of
the enterprise as ultimately shedding light on the complex
processes that underlie human cognition and behavior.

Why begin with nouns? As articulated by many researchers
over many decades (Babineau et al., 2021; Bates et al., 1994;
Cartwright & Brent, 1997; Gentner, 1982; Gillette et al.,
1999; Waxman et al., 2013), nouns, in most of the world’s
languages, offer a particularly helpful on-ramp to the child
learner, and thus to the researcher interested in their learn-
ing. Across many languages (including English as in the
dataset described herein), there is a hefty and persistent noun
‘bias’ in the first words learned by children (Bornstein et
al., 2004; Fenson et al., 1994). This holds both in the pro-
ductive lexicon and in the receptive one that precedes it
(Benedict, 1979); Huttenlocher, 1974). Building on previ-
ous work that found early word comprehension beginning
around 6–9 months (e.g., Bergelson & Swingley, 2012; Tin-
coff & Jusczyk, 1999), the SEEDLingS project (Study of
Environmental Effects on Developing Linguistic Skills) was
especially focused on understanding what drives a word to
enter the early receptive vocabulary, leading to its focus on
concrete, imageable nouns.
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This focus aligns with substantial cross-linguistic evi-
dence showing noun dominance in early lexical acquisition
(Bornstein et al., 2004; Braginsky et al., 2019; Coffey et al.,
2024; Fenson et al., 1994).While it is not yet clear why nouns
may hold a privileged position in early learning across many
languages, factors like imageability, conceptual simplicity,
and frequent occurrence in highly informative contexts likely
play a role (Coffey et al., 2024); Gentner, 1982). Contex-
tual factors also play a role, alongside linguistic ones. For
instance, prior work finds that beyond overall cross-linguistic
differences in noun use in speech to children, certain con-
texts elicit more nouns from caretakers playing with their
toddlers than others (e.g., book-sharing vs. toy play) (Choi,
2000). Admittedly, it is easier to query knowledge of nouns
than other parts of speech using currently available methods
(Casey et al., 2023; Meylan & Bergelson, 2021; Wojcik et
al., 2022), and notably, some languages are an exception to
this cross-linguistic tendency (Casillas et al., 2024). All of
that said, a noun bias in early lexical development remains a
robust finding across most studied languages, making nouns
a strong starting point for investigating early word learning
mechanisms, especially in English.

A central component of the SEEDLingS project was
to capture the language input of infants going about their
everyday lives with their caregivers, and to then test their
comprehension of both everyday nouns commonly heard by
all children (e.g., shoe) and specific knowledge regarding
the nouns and referents present in the home environment of
each child (e.g., kangaroo for a stuffed animal fromAustralia
which may be common for one but likely not most children
in a U.S. sample). To do this, we collected home record-
ings, annotated nouns and some of their properties in the
recordings, and tested infants’ knowledge of a subset of these
nouns. This paper focuses on the annotated home recording
dataset itself (hereafter SEEDLingS-nouns), though in pub-
lished and ongoing work we explore many dimensions of
these children’s learning (e.g., Bulgarelli et al., 2021; Laing
& Bergelson, 2019; Moore et al., 2019).

More so than lab studies or choreographed play sessions,
naturalistic, home-based, child-centered recordings provide
us with ecologically valid data that is a reasonably close
reflection of babies’ “real life” experiences (Bergelson et
al., 2018; Roy et al., 2015; Tamis-LeMonda et al., 2017).
Such recordings allow us to correlate what babies experi-
ence with what they know about language, and to look at
potential changes over time. Likewise, we capture sponta-
neous productions by young children, which allow us to
link the maturity of their speech to their experience at vari-
ous timepoints. Collecting these recordings at different ages
allows for establishing temporal precedence between prop-
erties of experience and language knowledge, which then
could in principle be connected to causalmechanisms regard-
ing language learning. As detailed below, we focused on

a few key properties of the nouns based on prior research
regarding contribution of word segmentation, talker variabil-
ity, and contextual variability to early language learning (e.g.,
Jusczyk & Hohne, 1997; Rost & McMurray, 2009; Saffran
et al., 1996; Swingley & Aslin, 2000).

We tagged six particular properties of each annotated noun
(1) the noun as heard or said by the child (e.g., “mousey”); (2)
its lemma or “dictionary” form (e.g., “mouse”); (3) who said
it; (4) when; (5) in what kind of utterance (e.g., declarative,
singing), and (6) whether coders judged that the referent was
being attended to by the child. By including these properties
for each noun in the dataset, we sought to capture some key
information about a given word’s potential learnability. We
go into greater detail below, but provide the overall motiva-
tion for each property’s inclusion here.

The first three properties relate to variability in the data –
that is, in the words heard or said (1–2) and in who produces
them (3). These properties, broadly speaking, are known to
support language development. For instance, lexical diver-
sity in the language environment predicts language outcomes
over and above the overall quantity of words (Anderson et al.,
2021); Jones & Rowland, 2017; Rowe, 2012), and hearing
novel phonologically similar words from multiple speakers
has also been found to support word-learning (Quam et al.,
2017; Rost & McMurray, 2009). The fourth property (when
a word is said) lets us tap into questions about massing and
spacing in the input, burstiness, clustering, etc. at different
timescales and contexts (Barbaro & Fausey, 2022; Tamis-
LeMonda et al., 2017); this too has been linked to early
learning (Slone et al., 2023).

The final two properties relate to the context in which the
word appears in the data, in terms of both the structural and
social context of theword (5), and the co-presence of the rele-
vant referent (6). Utterance-level properties, such as whether
or not the word was produced in isolation or within a ques-
tion, have been proposed to support segmentation and word
learning (Brent & Siskind, 2001; Luo et al., 2022), while
more contextual aspects (also captured by (5)) like shared
book-reading and singing may support later vocabulary
knowledge (Franco et al., 2022; Leech et al., 2022). Finally,
prior research has found that word-referent co-presence in
the input supports early word-learning (Bergelson & Aslin,
2017;Cartmill et al., 2013), and is also a useful indication of a
growing productive vocabulary when the phonological form
of an infant’s production is ambiguous (Vihman &McCune,
1994).

We note from the outset that this dataset builds on many
decades of work on the language children experience and
produce, and is particularly indebted to the efforts of Brian
MacWhinney and colleagues with the CHILDES projects,
and HomeBank in particular (MacWhinney, 2000; VanDam
et al., 2016).While some of the features of SEEDLingS over-
lap with prior and parallel efforts (e.g., Rowland et al., 2018),
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it is unique in howmuch datawas collected from the children,
its density and focus on infancy (6–17 months), its combina-
tion of daylong audio-recordings and hour-long videos (both
from a child-centered perspective), and the manual annota-
tions’ focus on nouns.

To characterize the advance in data availability this fig-
ure provides, we depict the number of nouns in our dataset
relative to the rest of the North American English subset of
CHILDES (Fig. 1). As the figure shows, the SEEDLingS-
Nouns dataset adds a substantial amount of data on the noun
input to 6–17-month-olds relative to the totality of other
datasets. This, however, is countered with the caveat that the
information here is limited to the nouns and their properties,
rather than the full richness a detailed transcription or coding
of other dimensions of thedatawouldprovide; such transcrip-
tions and annotations are proceeding as part of several other
projects at a smaller scale. Similarly, these data have been
used in various related projects that include smaller-scale
transcription samples (e.g., Bunce et al., 2024), annotations
of other aspects of the data like babble and child-directedness
(Bergelson et al., 2019; e.g., Cychosz et al., 2021; Laing &
Bergelson, 2020), and larger-scale speech-technology based
analyses (Bergelson et al., 2023; Lavechin et al., 2022; Räsä-
nen et al., 2019). However, the original focus was on the
nouns and their properties. That is the scope to which we
limit the current description in this paper.

Inwhat follows,we describe relevant aspects of the project
in broad strokes: the recruitment and recording processes and
the other data that was a part of the overall project (with

references to detailed descriptions in prior work where rele-
vant). We then go into greater detail regarding the sections of
the audio and video files from which the SEEDLingS-nouns
corpus is derived, and the manual annotations and metadata
that the corpus contains. We next provide details on how to
access the corpus, and a few high-level descriptive visual-
izations to give a flavor of its contents for the key variables
created. We conclude with some discussion of uses of the
dataset to date and our hopes for its future use by others. The
amount of work that went into annotating ~360,000 noun
tokens from 44 children, from ~8000 h of raw data (of which
~3000 h were annotated) was substantial, and our sincere
hope is that others are able to use it to expand our scientific
understanding of early language development.

Data collection

The descriptions of the participants and procedure below
cover some of the same information as prior descriptions
that make use of this dataset (Bergelson, 2016a; Bergelson
et al., 2018; Bergelson & Aslin, 2017).

Participants

Participants (N = 44; 21 girls, 23 boys) were typically
developing, monolingual English-learning infants and their
families. All infants were full-term (40±3 weeks), had no

Fig. 1 The number of annotated nouns produced around the target child (but not by the child) in the SEEDLingS-Nouns dataset and in the North
American English portion of CHILDES, split by the age of the target child in months ranging from 5 to 28
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known vision or hearing problems, and heard≥ 75% spoken
English. Families participated longitudinally fromwhen chil-
dren were 6 to 18 months. Participants were recruited from
a database of local families in Rochester, NY; all eligible
families were contacted with no specific demographic-based
recruitment applied. An additional two infants were enrolled
and completed some study activities, but withdrew shortly
thereafter; their data were not analyzed or included in the
sample. Thefinal sample of 44 infantswas 93%non-Hispanic
White, 2%Hispanic, and 5%multiracial. In terms of parental
education, 75% of mothers and 72% of fathers had at least a
bachelor’s degree. Participants were compensated $340 for
the yearlong study.

Procedure

Data collection began in November 2014 and ended in July
2016. Child-centered daylong audio recordings and hour-
long video recordings were collected each month from 6–17
months, for a total of 12 audio- and 12 video-recordings per
infant. For audio-recordings, parents were given a LENA
audio recorder and shirt or vest with a specialized pocket
in advance of their recording day so that recordings could
begin first thing in the morning on the recording day. For
video-recordings, on a different day that same week, two
researchers came to the home, set up the camcorder on a
tripod in the corner of the main room, where the parents
indicated they would spend time in (which they could also
readily move). They further equipped the child with a hat or
headband with two Looxcie cameras attached, one pointed
slightly up, and one slightly down. If an infant refused the
headwear during setup, researchers gave the parent a head-
band with a Looxcie camera instead. Researchers then left
and returned after 1 h. The broader study (not the present
focus) included in-lab visits every othermonth (6–18months,
n=7), andmonthly vocabulary and grossmotor surveys (6–18
months, n=13 of each) (cf. Moore et al., 2019).

The audio from the LENA recorder was then processed
by the LENA proprietary software (Greenwood et al., 2011)
and exported as paired .cha and .wav files for manual anno-
tation in CLAN (MacWhinney, 2000). The video feeds were
combined in Vegas software into a single feed and exported
for manual annotation in Datavyu (Datavyu Team, 2014).

Data annotation and aggregation

This section describes our annotation methodology, the
resulting dataset structure, and the procedures used to ensure
data quality.Webegin by outlining the database organization,
then detail the specific annotation criteria and procedures,
followed by our validation approaches.

Tables derived from the annotations

The dataset is organized into four key derived tables:
seedlings-nouns, recordings, regions, and sub-recordings.
The seedling-nouns table serves as the main data source,
containing all 358,300 annotated noun tokens and their prop-
erties. There is one recording of each type missing from the
complete dataset: one videowas accidentally deleted due to a
technical error; one audio recording was deleted upon parent
request.

The recordings table lists each recording, its duration, and
the amount of time that was listened to by annotators. This is
detailed further below, but in short, all video recordings (gen-
erally 1 h)were annotated in full while audio recordingswere
annotated for different amounts of time depending on the age
of the child (6 and 7 months: full day; 8–13 months: 4 h; 14–
17 months: 3 h). The regions table indicates the regions (i.e.,
spans of time) that were listened to in each audio file. Finally,
the sub-recordings table lists the time of day the audio and
video recordings were started. A small subset of recordings
(n = 36) contained pauses (i.e., caretakers stopped record-
ing by pressing a button for a period of time because of,
e.g., privacy concerns); the sub-recordings table has entries
corresponding to each sub-recording. Each table is accompa-
nied by a codebook that contains descriptions and technical
information about each column. The relationships between
the tables are schematically represented in Fig. 2.

Annotations

In this section, we detail the main components of the man-
ual annotation. There is an even greater amount of detail in
an accompanying supplemental GitBook wiki, which is live
here and exported as an archival PDF on OSF (https://osf.io/
r9pvn).

Annotation criteria: which nouns to annotate

Trained coders identified each concrete, imageable noun
token that was said clearly in proximity of the target child
(or by the child). To operationalize “concrete” and “image-
able”, we created a set of guidelines, which at its core,
sought to include nouns that one could depict in a standalone
way. The methodological choices here dovetailed with the
broader project goals, which involved eyetracking studies
where these same infants would be shown images of nouns,
including a subset of those being annotated. The shorthand
term for this type of concrete noun was “object”, though
we did include distinct sub-parts (e.g., “foot”,“tooth”), liq-
uids (e.g., “coffee”), animals (e.g., “cat”), etc. To maintain
cross-coder consistency, we created a dictionary of com-
monly occurring nouns with a guide for whether to code
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Fig. 2 A day-long audio and an hour-long video recording was col-
lected each month from 44 infants aged 6–17 months (see tables
recordings and sub-recordings). Video recordings and audio record-
ings from month 6 and 7 were annotated in full. For months 8–17, a set

of high-talk regions within the audio was selected for annotation (see
table regions). All concrete imageable nouns produced by or near the
child were annotated (see table seedlings-nouns)

them, and an in-house set of guiding principles; see details
in the wiki linked above.

For example, we avoided coding terms referring to people
(e.g., “man” or “grandma”), with some exceptions. We did
code instances of “baby” when used generically (“See the
baby in the book?”) but not as a term of endearment (“Hey
baby, give me a minute”), people who had specific occupa-
tions (e.g., “firefighter”) and people picked out as characters
in a book or show (“Batman”). We also didn’t include nouns
if they were being used metaphorically (e.g., “cat got your
tongue?”). The referent of the noun did not have to be visi-
ble to the child to be annotated (this was tagged separately,

see “object presence” below.). In short, we annotated just
the kinds of everyday common nouns that occur in the early
English-learning baby’s vocabulary, and refer to a concrete
entity.

While some researchwith longform recordings has specif-
ically looked at child-directed speech (e.g., Weisleder &
Fernald, 2013), focusing specifically on speech directed to
the target child, nouns in this dataset did not have to be
directed to the target child wearing the recorder in order to
be coded, but distant nouns in the background (e.g., televi-
sion heard from the other room) were not coded. In practice,
around 80% of the tokens of the most common nouns were
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rated as being produced in child-directed speech in a subse-
quent tagging effort (Bulgarelli & Bergelson, 2024).

Annotated properties

For each annotated noun token, coders noted the word as it
was said, what type of utterance it was a part of (delineated
below), whether the referent of the object was attended to
by the child, and who produced the word. In the aggregated
seedlings-nouns table, these correspond to columns object,
utterance_type, object_presence, and speaker.

Before elaborating on these tags, we first explain the rel-
evant notion of an utterance; further below we clarify how
this relates to the timestamps we provide for each tag. Each
annotated noun occurred within an utterance. Utterance was
operationalized in keeping with the CHILDES guidelines
proposed byMacWhinney and colleagues in the CHATman-
ual (MacWhinney, 2000). Adult utterances generally contain
amain clause with rare exceptions for imperatives (e.g., “No,
pasta!”), andgivenour use case, all contained at least one con-
crete noun.Guidelines for child utterances similarly followed
CHILDES guidelines, with prosody and pauses as a guide for
non-adult-like constructions (whichwere extremely common
in the expectedly sparse productions of nouns in this dataset’s
age range of 6–17 months.)

The object word was annotated with any relevant mor-
phology or diminutivization (e.g., tootheroo for tooth); this
tag was later expanded to include two versions of the lemma
(basic level and global basic level, described under “Word
lemmatization” below). The utterance-type tag was a closed-
set decision among six categories (as well as a rarely-invoked
unsure (u) option): declarative (d, e.g. “Yup, you found the
truck!”), imperative (i, e.g. “Put your socks on.”), non-
utterance (n, e.g. “Yes, water.”)), question (q, e.g. “Did
you drop your plate?” , “Where’s the doggy?”), reading
(r, e.g. “The very hungry caterpillar…”), and singing (s,
e.g. “The itsy-bitsy spider went up the water spout…”).
Coders were encouraged to make their best guess among the
closed-set categories; unsurewas ultimately used for 0.002%
of all tokens for utterance type.

The first four of these (declaratives, imperatives, non-
utterances, and questions) roughly correspond to the syntac-
tic structure of the sentence; the (admittedly oddly named)
“non-utterance” tag was used for words in isolation, frag-
ments, or standalone noun-phrases of fewer than threewords;
questions included both polar andwh-questions. The last two
utterance-type tags reflected two common activities (reading
and singing), which have a cluster of properties that tend
to differentiate them from spontaneous speech (in prosody,
sentence length, and lexical variety). Various combinations
of these categories could overlap (e.g., a sung question); we
implemented a hierarchy for such cases as follows: reading >
singing > non-utterance > question > declarative, imperative,

consistent with prior approaches (M. Soderstrom, personal
communication, Dec. 29, 2013). For example, declaratives
and questions read in a book would be tagged as reading,
and a single word with rising intonation would be tagged as
a non-utterance.

Object presence (i.e., whether the referent of the noun
was present and attended by the child) was tagged as yes
(y), no (n), as well as a rarely-invoked unsure (u) option.
Here too, coders were encouraged to make their best guess
among the closed-set categories; unsure was ultimately used
for 0.3% of all tokens for object presence. Coders inferred
object presence fromcontext (visual and linguistic for videos;
only the latter for audio recordings). While sometimes this
was very clear (“No, we don’t have bananas”, “Are those
your sandals?”), determiningobject presence in audio record-
ings presented unique challenges relative to video recordings
(since in videos referents could be directly observed most
of the time.) In general, coders relied on several contextual
cues to infer object presence, especially for audio-recordings:
verbal descriptions from speakers (e.g., “Look at this ball”),
sound effects indicating object interaction (e.g., toy squeak-
ing, bookpages turning), conversational context and dialogue
continuity, and explicit references to shared attention (e.g.,
“Do you see this? It’s a giraffe!”). Unsurprisingly, we did
see somewhat lower reliability for audio-recording object
presence tags, as we discuss further in “Data validation and
checking” below.

Finally, each speaker was assigned a three-letter code
that reflects their relationship to the target child. This code
remained consistent for a given speaker across all recordings
for a given participant. Thus, a child with two aunts might
have AU1 assigned to Aunt Sally and AU2 to Aunt Debra
for all recordings from that child. Across all recordings and
participants, the same code was used for the same type of
relationship whenever possible. For example, MOT always
represents the Mother and AU1 always represents an aunt.

To give a final concrete example of how all the codes
would apply to one concrete noun, a coder hearing “Those are
some beautiful brushes!” would annotate “brushes” as fol-
lows: brushes, d_y_MOT indicating that the object brushes
was part of a Declarative (d) utterance produced when the
object was present and attended to (Yes, y), and the word
was spoken by the Mother (MOT).

Child production transcriptions

For only the noun tokens produced by the child (speaker code
CHI), the transcription columncontains a phonetic transcrip-
tion (n=5737 tokens from42children). This column is empty
for the remaining 98.4% of tokens because they were pro-
duced by other speakers. The transcription was done using
the PHONASCII (Allen, 1988, Appendix 1: UNIBET) tran-
scription convention with the following modifications: (1)
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[?] was used as a glottal stop as opposed to a rising terminal,
(2) IPA symbols that could be represented using ASCII and
were not part of the PHONASCII convention were used as
well. This transcription method was used instead of IPA to
avoid Unicode encoding issues and simplify typing.

Word “lemmatization”

To further characterize the wordforms found in the dataset,
two additional columns were added to permit aggregation of
forms that corresponded to the same object word: basic levels
and global basic levels (basic_level and global_basic_level
in the table). The basic level annotation reflected a recording-
specific collapsing of words that shared a meaning and
phonological content, defaulting to the most common ver-
sion of the word in that recording.

For example, in a recording where “paci” is used to refer
to pacifiers 15 times, “pacifiers” was used three times, and
“pacifier” is used once, the basic level for all 19 instances
would be “paci” in the data corresponding to that recording.
While families often stuck to a given term for an object, this
sometimes drifted across recordings. In practice this meant
that in some recordings (e.g., month 7 audio for child A)
an object may have paci as its basic level, while in another
recording from the same subject (e.g. month 10 video for
child A or B) it would be pacifier, since this was done by
selecting the most common form on a per-recording basis
based on broader project goals and workflows.

To further streamline across recording-specific frequen-
cies, after all recording-level spreadsheets were aggregated
across the entire sample, each noun’s lemma was codified
at the whole-corpus level, dubbed global_basic_level. The
form used here was generally the “dictionary” version of the
word, i.e., the most conventional format. Thus, regardless
of family- or recording-specific prevalence, the global basic
level in the running example would be pacifier. Basic levels
were primarily used to determinewhichwordforms should be
used in the concurrent eyetracking studies that accompanied
the creation of this dataset, and as such needed to maintain
the idiosyncrasies of each family’s speech. In contrast, global
basic levels were designed to bundle related wordforms into
larger categories to enable a more generalized consideration
of the wordforms in speech to and by young children in the
sample at large.1

1 While all tokens had a global_basic_level assigned to them, 6.9%
of them have an NA for basic_level. This happened because the basic
levels were originally used to select nouns most commonly heard by the
child in order to use them as stimuli for the in-lab looking preference
eyetracking study, and certain words were not included due to either
being too generic or centered on private body parts/bodily functions.
For example, the 5 most common nouns based on global basic level
that do not have a basic level assigned are toy, food, poop, buttocks, and
picture.

Timestamp details

Each annotation is also timestamped, though the origin
of these timestamps varies by recording type. For videos,
the onset and offset of each utterance with a tagged noun
was created manually as a cell in a Datavyu spreadsheet
(Datavyu Team, 2014). For the audio-recordings, the annota-
tors worked in CLAN-formatted .cha files, where each line
corresponded to a time-stamp that came from theLENAalgo-
rithm (the LENA algorithm does an exhaustive pass through
each LENA recording to tag into broad speaker-classes that
roughly correspond to utterances; cf. Cristia et al. (2020)).
Thus, for video, the onset and offset of the utterance were
manually generated for each token individually, while for
audio, LENA software-based automatic utterance segmenta-
tion was used.

For both video and audio, multiple noun tokens could
share the same onset and offset, as these reflect the utterance
borders, not the start and stop of a given token. For instance,
if the utterancewas ‘This book has a penguin in it!’, book and
penguin would have the same onset and offset timestamps,
encompassing the broader utterance. The LENA-generated
“utterances” were often shorter than what a human coder
counted as an utterance in the video recordings. It’s worth
noting that there is a margin of error in the manually gen-
erated video timestamps due to the lag in streaming video
from a VPN-protected storage server and the brief duration
of many utterances, as coders set timestamps based on real-
time reactions (with cross-checking of a subset in a cleanup
pass). This difference in what was considered an utterance in
video versus audio, along with the potential imprecision of
the video timestamps, was acceptable for our purposes (and
for many others): our primary objective was to confirm that
the tokens were produced within the specified boundaries,
rather than to pinpoint utterance boundaries with great pre-
cision. But for other use-cases, e.g., determining utterance
length, one should use timestamps with caution and with
these caveats in mind.

Top-3 high-talk hours

Finally,we include aBoolean column is_top_3_hours, which
indicates whether the token was produced during the top 3
most talkative hours of the audio recordings, as estimated
using LENA automatic metrics (detailed further below). As
this is only relevant for the audio recordings; the 30.4%
of tokens that came from the videos have empty values in
this column. Each noun token also has a unique identifier,
referred to as an annotation id, abbreviated annotid in the
seedlings-nouns table. Table 1 summarizes the columns of
the seedlings-nouns table.
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Table 1 Columns of the seedlings-nouns table. See text for further
details

Column Description

Annotations

object The noun as it was said, e.g., baba (bottle),
diapers, etc.

speaker Three-character speaker code, e.g.MOT and
GRM for mother and grandma.

utterance_type Utterance type, a one-character code. See
text for possible values.

object_present Whether the object was present and
attended to (y) or not (n).

basic_level Modal recording-level lemma (e.g.,paci).

global_basic_level Corpus-level lemma.

transcription Phonetic transcription for child-produced
nouns only.

Timestamps

onset, offset Onset and offset times of the utterance con-
taining the noun, in ms.

Identifiers

annotid Unique noun ID. A six-digit random hex,
e.g., 0xe4d823, 0xcba546.

audio_video Recording media: audio or video.

subject Two-digit participant code from 01-46with
05 and 24 skipped.

month Two-digit month code from 06-17.

subject_month Combination of subject and month, e.g.,
23_07, 03_12.

recording_id Combination of audio_video, subject, and
month, e.g., audio_23_07.

ordinal Noun order in a recording; distinguishes
nouns in the same utterance.

region_id Region ID in the regions table. NA for
videos.

sub_recording_id Sub-recording id in the sub-recordings
table.

Other

is_top_3_hours Is this noun/utterance in the top-3 high talk
audio hours? TRUE/FALSE.

Note. The descriptions here are adapted versions of the ones provided
in the “seedlings-nouns_codebook.csv” file

Data checking and reliability

Anannotation effort of this scale required significant research
staff effort, following specialized training. The initial data
collection took place from 2014–2016, with subsequent
cleaning and aggregation efforts taking place thereafter. To
ensure a high level of data quality, there were multiple
passes through the annotations, with the ‘closed-set’ cate-
gories (i.e., object presence and utterance type) receiving

further reliability assessment. The initial annotations were
created by trained researchers at the universitywhere the data
were collected, who were also interacting with the families
directly and thus came to know them well.

Each recording’s annotationswere first run through scripts
for initial error checking and thenmanually checked by a staff
member (ensuring closed-set vocabulary and certain spelling
conventions were followed) who also added the “basic level”
coding described above. Data were also spot-checked by the
PI, who, for example, looked at parts of every video as part
of a stimulus-selection process for the related eyetracking
studies.

After this initial pass of annotation, which was conducted
as the data were collected, there was a second pass that
checked each annotation. Finally, to establish the reliabil-
ity of the coding for the closed-set categories (utterance type
and object presence), 10% of each file was extracted and
recoded de novo. Reliability (as assessed by Cohen’s kappa
(κ)) was generally strong, and is reported in Table 2 for
each category,month, and recording type (Mutterance_type_κ =
0.8, Mobject_presence_κ = 0.6.)

We do want to call particular attention to the reliability
of the object presence category and note that coders were
advised to use their best judgment rather than default to an
Unsure rating (used for less than<.5%of tokens). This (along
with the challenges of inferring object presence with only
audio, as noted above) was likely part of the reason for the
more moderate reliability for audio object presence coding
(κ = 0.58) than we saw for video (κ = 0.66). Researchers

Table 2 Reliability of close-set annotations (Cohen’s kappa), split by
recording-type (audio, video) and tag (utterance type and object pres-
ence)

Utterance type Object presence
Month Audio Video Audio Video

06 0.81 0.85 0.54 0.81

07 0.81 0.73 0.59 0.64

08 0.80 0.75 0.46 0.68

09 0.85 0.82 0.55 0.63

10 0.81 0.82 0.61 0.64

11 0.83 0.86 0.60 0.73

12 0.79 0.77 0.60 0.55

13 0.82 0.81 0.63 0.61

14 0.80 0.85 0.66 0.64

15 0.86 0.84 0.52 0.64

16 0.87 0.85 0.62 0.70

17 0.83 0.86 0.60 0.64

Mean (SD) 0.82 (0.02) 0.82 (0.04) 0.58 (0.05) 0.66 (0.07)

These were derived from a recoded 10% of annotations for each cell
below
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using this variable should consider this limitation, particu-
larly for analyses that heavily rely on object presence in audio
recordings. That said, for many purposes, the relatively large
sample size allows for meaningful analysis of patterns even
with the level of measurement noise found here; we’d wel-
come further refinement of this tag by interested parties.

We also conducted reliability checks on the phonetic tran-
scriptions of the child’s productions. To do so, a random
10% subset of all child productions was transcribed by a sec-
ond coder. Discrepancies were resolved through discussion.
Given that infant articulatory control is still developing at
6–17 months, these early productions naturally lack some of
the precision found in adult or older child speech. To account
for this, the reliability assessment focused exclusively on
consonant agreement, collapsing some distinctive categories
(e.g., treating all alveolar or palatal fricatives as [s]). This
approach yielded an agreement rate of 77% (Cohen’s κ =
0.72) for the 10–11 month data (Laing & Bergelson, 2020),
a result comparable to other annotation efforts in the field.
We therefore note that these phonetic transcriptions provide
a reliable reflection of the broad phonetic characteristics of
the infants’ productions, while acknowledging the inherent
developmental imprecision.

Finally, for the speaker tags, a staff member with detailed
knowledge of the families (due to being part of the initial data
collection and annotation staff) checked and streamlined all
speaker codes for consistency. At every step of this process,
data checking and correction occurred as errors were identi-
fied.

Linking between the tables

As noted above, audio and video recordings were collected
from each infant monthly from 6 to 17 months, within a
week of the day that the child turned a month older. We
used numerical identifiers to distinguish children (subject id
in column subject): 1 to 46 with 5 and 24 skipped because
the corresponding participants dropped out of the study soon
after enrollment.

We refer to the sequential recordings from the same infant
by a month id (column month): 6 to 17. The dataset (unlike
this text) uses leading zeros for both the month and sub-
ject id. For example, a token might come from the audio of
infant 07 from month 08. To uniquely identify recordings,
we need to know media type, the subject, and the month id,
e.g., audio_27_12, video_41_03, etc. This identifier, record-
ing_id, is present in all tables and constitutes the primary
key (a unique identifier) for the recordings table. Columns
region_id and sub_recording_id are the primary keys for the
regions and sub-recordings tables, respectively.

All three columns (recording_id, region_id, and sub_re-
cording_id) are present in the seedlings-nouns table so that

the annotated tokens can be matched to the information in
the other three tables.2

Howmuch data is annotated in each file

For both the audio and video recordings, our goal was to
annotate nouns for the same amount of time from the sample
at a given age, as detailed below. This procedure leads to
a corpus with a great amount of variability across families
rather than a set amount of transcribed speech per family.
This approach lets us better capture variation and base rates
of amount and type of speech rather than equate amount of
talk; i.e., we captured all the concrete nouns in the sampled
(time-based) sections of recordings rather than e.g., all the
concrete nouns in 100 utterances/recording.

Audio annotation considerations. All video recordingswere
fully annotated with the coding scheme described above. For
audio files, we were not able to annotate the entire daylong
file due to practical limitations: stimuli for the eyetracking
experiments (which occurred every other month, (i.e., 6, 8,
10…) relied on the previous 2 months’ annotations, and the
study had staggered enrollment over a 9-month period for a
12-month study; it simply wasn’t possible to fully annotate
44 ~16-h audio files and 1-h video eachmonth, evenwith 3–4
full time staff and a dozen RAs working 10 h/week. Another
consideration was that large periods of time in the recordings
contained no speech, generally while children slept. These
were marked automatically by a silence-finder in Audacity,
then visually inspected (with border adjustments as needed)
by lab staff, and skipped during annotation. We will refer
to these regions as silent or silences below. Finally, given
infants’ advancing language production skills and the reduc-
tion in naps over the first two postnatal years, there was an
increasing amount of speech over 6–17 months in the day-
long audio files as sleep patterns shifted.

Together, these considerations led us to seek an approach
that identified sections of the file for annotation that would
maximize our annotation capacity but also permit stan-
dardized comparison over developmental time, and across
recording types (audio vs. video). We next detail how we
selected subregions of audio to annotate such that there was a
minimum of 3 annotated hours per recording. The final result
is different sampling densities (full-day for 6–7 months, 4 h
for 8–13 months, 3 h for 14–17 months), but demarcation
permitting easy selection of the same amount of time in each
recording when needed for a given use case (cf. Bergelson

2 Certain columns in the dataset are redundant with respect to other
tables and share a name with them. For example, seedlings-nouns and
regions redundantly contain is_top_3_hours, and columns subject,
month, and audio_video in all tables are redundant with these
columns in the recordings table. This needs to be accounted for
when joining the tables.
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et al. (2018) for relevant analysis and discussion of subsam-
pling).

Selection of high talk audio regions We considered several
automatically generated metrics from the LENA software to
home in on high-talk areas of the recordings: conversational
turn count (CTC), adult word count (AWC), and child vocal-
ization count (CVC).Weopted to prioritizeCTCandCVC, as
these would ensure the child was awake and vocalizing, and
most likely interacting with others. We thus operationalized
talkativeness as the average of CTC and CVC, calculated it
for hour-long running windows with a 5-min step, and then
sequentially (avoiding overlap) selected the windows with
the highest value of this combined metric. In total, 5-h-long
subregionswere programmatically delineated in thismanner.
For months 8–13, the four highest-ranked of these hour-long
subregions were then annotated; for months 14–17, the top
three were annotated. The remaining subregions were used
as “backup”, that is, in case there were problems with others
(e.g., a clear indication the child was asleep despite the high
talk ranking, as indicated by snoring or parent commentary).

Makeup, extra, surplus In order to produce a comparable
duration of annotations across all recordings of a given age,
we aimed to delineate 3 or 4 h of annotated time, within
a 15-min margin for each recording. To that end, several
adjustments to the high talk sampling were necessary. For
instance, the silent regions described above sometimes over-
lapped with the hour-long regions prioritized for annotation
(e.g., if a parent chatted with their child while feeding them
a snack and then read three books, this would likely be a
very high-talk hour even if the child then slept for the last
20 min of it as part of their afternoon nap). In other cases,
the subregionsmarked for annotation contained portions that
weren’t completely silent but couldn’t bemeaningfully anno-
tated (e.g., nothing but a muffled radio in the background)
and thus were manually marked as skips. Whenever this hap-
pened, the annotator calculated how much time was missing
and createdwhatwe calledmakeup regions of the same length
within the backup subregions (i.e., the subregions ranked 4
and 5). If that still wasn’t enough to get to the target amount
of annotation time, annotators added time past the ends of
some of the annotated subregions creating extra regions.

Occasionally, this manual process over-shot the amount
of intended annotation time by more than 15 min. In order
for it to be possible to select a consistent amount of anno-
tated time from each recording without deleting annotations
(e.g., the top 3 h from each audio file), relevant portions of
makeup/extra regions were marked as surplus.

Total annotated time Because video recordings were anno-
tated in full, the amount of annotated time is equal to the

recording duration. Recordings were modally 1 h, with the
vast majority of recordings (518 out of 527) lasting between
50 and 70min (M(SD) = 60.93 (3.79)minutes.) See Fig. 3 for
video duration and Fig. 4 for the distribution of the duration
of annotated time in audio recordings.

Top-X audio hours For analyses that rely on having a con-
sistent length of speech sampled from each family, age, or
recording (e.g., Bergelson et al. (2018)), we identify tokens
corresponding to the top-3 (for all audio recordings) and top-
4 (formonths 6–13)most talkative hours in each file.3 For the
details of the procedure we used to count annotated regions
to top 3 or 4 h, see the accompanying wiki (https://seedlings-
nouns.bergelsonlab.com) or its pdf version (https://osf.io/
mp9fb).

Accessing the corpus

The dataset is available on GitHub and on Zenodo as a set
of CSV files. As the dataset is updated, new versions will be
released on GitHub and mirrored on Zenodo. The list of pub-
lished versions can be found under “Releases” onGitHub and
under “Versions” on Zenodo. Changes introduced in consec-
utive versions are documented in the “CHANGELOG.md”
file in the dataset repository.

Each data table has a companion codebook with column
format information to use when loading the table. We rec-
ommend specifying data type for all columns when loading
them. At a minimum, a string or a character data
type should be specified for columns child and month,
which contain two-digit strings with leading zeros for num-
bers below 10.4

For R users, another option is to use the Bergelson Lab’s
internal R package blabr. Users will need to (1) clone the
GitHub repository to ~/BLAB_DATA and (2) install blabr
from GitHub, e.g., with the following code:

remotes::install('bergelsonlab/blabr')

Users can then load a specific version (recommended)
or the latest available version of the seedlings-nouns table
using the get_seedlings_nouns() function. When
doing the latter, a warning will be issued, which includes
the latest version tag that we recommend users copy to the

3 For top-3, we added an is_top_3_hours column directly to the
seedlings-nouns table to facilitate comparisons across all audio record-
ings. The regions table also includes information allowing the identifi-
cation of the top x hours for other values of x .
4 Treating these columns as numeric leads to issues downstream, as all
members of our lab can attest.
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Fig. 3 Distribution of video recording durations

get_seedlings_nouns() call to ensure version con-
sistency.

sn_version <- 'v2.0.0'
seedlings_nouns <-

blabr:: get_seedlings_nouns(
version = sn_version)

# Or get_seedlings_nouns() to get the
latest version (not recommended)

Companion functions get_seedlings_nouns_ex-
tra() and get_seedlings_nouns_codebook()
allow users to load one of the three remaining tables (record-

Fig. 4 Distribution of the duration of annotated time in audio record-
ings. For months 6–7, the annotated time corresponds to the total
duration of the recordings minus the total duration of silent regions.
For months 8–13 and 14–17, the planned annotated time was 4 and 3 h,

respectively. However, a subset of recordings was annotated for more
than the planned amount of time, resulting in surplus time included in
the total here (and delineated separately in the dataset
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ings, regions, sub-recordings) and the codebooks for all four.
For example:

sub_recordings <-
blabr::get_seedlings_nouns_extra(
version = sn_version,
table = "sub-recordings")

seedlings_nouns_codebook <-
blabr::get_seedlings_nouns_codebook(
version = sn_version,
table = "seedlings-nouns")

High-level descriptive visualizations

To give a flavor of the dataset, we provide a few descrip-
tive figures. For the descriptive analyses presented here, we
specifically used the “top-3” h subset for all audio recordings

to facilitate comparability across ages in terms of the amount
of speech coded and how it was sampled.

The first (Fig. 5) shows the quantity of noun tokens and
types for each month and recording type, the proportion of
object presence, and the relative distribution of utterance
types. To facilitate comparison across audio and video, we
depict the data from the full video and from the top 3 h of the
audio as described above. We highlight three features of the
data for readers. First, as noted in priorwork (Bergelson et al.,
2018), the videos have a much higher density of speech than
the audio recordings, i.e., the noun tokens and type counts are
1–2x higher for audio than for video despite coming from 3x
the data (i.e., 3 “high talk” audio hours vs. 1 video hour). Sec-
ond, there is a large amount of variance within the recordings
across children each month (i.e., the violins showing the data
distribution are tall and skinny). Finally, the shifts over age
are relatively subtle: there are some shifts month to month
that seem to reflect noise, while others increase slightly over

Fig. 5 Noun input (tokens, types, object presence, and utterance
types) by recording-type and month to 44 English-learning infants
from monthly 1-h home videos and 3 h sampled from daylong audio-
recordings. Top row: total words (tokens; blue violin plots), unique
words (types; green violin plots). Bottom row: proportions of object
presence (black violin plots), and utterance types (colored bars indi-

cate the proportion of nouns heard in (sing)ing, (imp)erative, (read)ing,
(short) phrase, (quest)ion, and (dec)larative utterances). In the first three
panels, the red triangle and error bar indicate M + 95% bootstrapped
CI; violinwidth reflects the amount of data in that portion of the distribu-
tion, i.e., variability across infants in a given month and recording-type
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time. For instance, the relative proportions of different utter-
ance types are largely stable: declaratives and questionsmake
up over 2/3 of the noun input every month. In contrast, the
number of types and tokens creeps up with age; this is not
because of the child talking (because the child is omitted from
these figures) but rather, appears to be best explained by par-
ents talking more to talkers, as explored elsewhere (Dailey
& Bergelson, 2023).

The next figure (Fig. 6) zooms in more on the child pro-
ductions and talker data. Namely, it shows noun types and
tokens produced by each child each month, the number of
total talkers (including the child), and the relative propor-
tions of noun input fromkey talkers (excluding the child), i.e.,
frommothers, fathers, and toys ormedia (e.g., singing toys or
shows). We again highlight a few features for readers. First,
we see the expected trends regarding the onset of lexical pro-
duction: a period of no production followed by a huge uptick
coupled with huge variability across children. By 17 months,

children were producing roughly ten tokens and three types
of words per recording on average, though again speech was
relatively denser in video vs. audio (1 vs. 3 h depicted, respec-
tively). Second, the number of talkers creeps up slightly with
child age, with more talkers featured in audio recordings
than video recordings. This is most readily explained by the
greater portability of the audio recorders and the daylong
sampling they permitted. Finally, ~63% of nouns in the input
are produced by mothers, ~13% by fathers, ~6% from toys
and media, and the remainder by a mix of other talkers. This
is particularly notable relative to the number of talkers fea-
tured in audio recordings; i.e., while there are often over five
speakers, the majority of them provide a negligible amount
of input relative to the child’s parents.

In Fig. 1, we compared the sheer volume of noun tokens
in our dataset compared to CHILDES. Another way to
compare the datasets is looking at unique noun types. As
Fig. 7 illustrates, SEEDLingS substantially extends the set

Fig. 6 Child noun productions and talker distributions by recording-
type andmonth in44English-learning infants’monthly 1-hhomevideos
and 3 h sampled from daylong audio-recordings. Top row: total words
(tokens; left) and unique words (types; right) produced by each child

(orange triangles). Bottom row: number of talkers (including the child;
left), and the proportion of noun input (excluding the child) coming
from mothers, fathers, and toys or media (right). Red triangles, error
bars, and violins as in preceding figure
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Fig. 7 The number of unique noun types (distinct words) in the SEEDLingS-Nouns dataset and in theNorthAmerican English portion of CHILDES,
split by child age (6–17 months). See text for details

of unique noun types when compared to CHILDES for the
6–17 month period. Of the 23,885 total unique noun types
across both corpora, 8184 appear only in CHILDES, 12,060
appear only in SEEDLingS, and 3641 are shared between
the two datasets. We note that for both corpora we count
the nouns ‘as spoken’, but because of the different nature of
the annotation processes this is not a perfect apples-to-apples
comparison, e.g., CHILDES counts will include contractions
(e.g., ‘dog’ll’) while the SEEDLingS counts will include
compounds and titles (e.g., “Go+Dogs+Go”); we encourage
readers to keep this fuzziness in mind and see this as just an
exploratory and imperfect comparison to give a sense of the
data.

Discussion

Ways we have used the SEEDLingS-Nouns corpus

So far, the SEEDLingS-Nouns Dataset has let us tackle a
wide variety of research questions, based either solely on the
SEEDLingS-Nouns corpus data itself (e.g., Bergelson et al.,
2018), or in conjunction with other measures (e.g., Bulgarelli
& Bergelson, 2019). We mention a few findings below to
give a sense of the methods and theoretical contributions
of this corpus, and as a way to prime the pump for readers
considering further use cases.

Work with this corpus has incorporated a range of meth-
ods, including automated and manual acoustic analyses
(Bulgarelli & Bergelson, 2019; Bulgarelli et al., 2022), inte-
gration across different facets of the observational data and
its links to parent report (Moore et al., 2019), and com-
putational approaches (Amatuni & Bergelson, 2017). The
depth of the dataset has allowed us to analyze the effects of
various demographic variables on word learning (e.g., gen-
der in Dailey and Bergelson (2022), number of siblings in
Laing and Bergelson (2024), and mothers’ work schedules
in Laing and Bergelson (2019)), though admittedly within a
relatively homogeneous group of North American monolin-
gual English-learning infants.

It has also lent itself to a number of analyses of the struc-
ture and features of infants’ early language environments, and
infants’ learning and knowledge with them. For instance, the
dataset has been used to analyze the source and effects of vari-
ability across and within speaker and families. This includes
morphological, phonetic, and acoustic measures of variabil-
ity (Bulgarelli & Bergelson, 2024; Bulgarelli et al., 2021;
Moore &Bergelson, 2024), which, alongside frequency, pre-
dict earlier word production. Computational work has so far
analyzed the broad timeline of noun learning in the dataset
in relation to properties of the nouns heard in the input. For
instance, in one line of work (Amatuni & Bergelson, 2017;
Amatuni et al., 2018) we found that the structural properties
of the early noun input (including semantic and visual fea-
tures) predict the timeline of acquisition of these nouns in the
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infants’ vocabularies. The tagged noun data (e.g., object pres-
ence and utterance types) has also provided useful variables
for the analysis of word learning and early input. For exam-
ple, infants were better able to recognize nouns in the lab if
theyoccurredwithmore frequent object presence in their own
home-recorded data (Bergelson & Aslin, 2017), and infants
with more siblings experienced less object presence in their
input (Laing & Bergelson, 2024). Additionally, Egan-Dailey
and Bergelson found that children who heard more nouns
in imperative utterances (e.g., “drop that spoon!”) during
infancy scored lower on a standardized language skill assess-
ment 3 years later (under review).

Finally, but not exhaustively, the dataset has been a use-
ful testing ground for broader methodological questions.
The combination of data sources (day-long audio, hour-long
video, manual human annotations, LENA automated counts)
has made it a valuable resource for validating approaches
taken in the field more generally as represented by the three
examples below. Bulgarelli and Bergelson (2019) provide
further validation for LENA’s automated speaker tags by
showing moderate-to-strong agreement between automated
and hand-coded tags. (Bergelson et al., 2018) compare input
measures in the day-long audio and hour-long video record-
ings to show that hour-long recordings capture a less typical,
but more language-laden slice of infants’ early language
experience than recordings taken across an entire day.

More concretely, this research found that while audio
recordings captured approximately ten times more awake
time than videos, the noun input in them was only 2–4 times
greater. Thus, videos featured denser noun input, similar to
‘peak’ audio hours, though with relatively fewer declaratives
and more questions. The hour-long videos thus provide a
dense but somewhat different sample of infants’ language
experiences rather than a “typical” one, highlighting the util-
ity of considering different contexts.

Data use by others, limitations, and future directions

The work just mentioned largely focused on our own use
of the SEEDLingS-Nouns data. However, the underlying
recordings have also been used in a variety of other efforts,
of which we highlight a few.

It has been used to establish best practices for data shar-
ing, andmanual transcription and annotation via theACLEW
Annotation Scheme (Soderstrom et al., 2021; VanDam et al.,
2019) and for cross-corpus and cross-cultural comparisons of
certain types of speech, such as rates of certain types of bab-
bling, prevalence of various talkers, addressees, and objects
(Bergelson et al., 2019; 2023; Bunce et al., 2024; Casey et
al., 2022; Cychosz et al., 2021; Hitczenko et al., 2023). Cris-
tia et al. 2024 assess the reliability of the proprietary LENA

and open-source ACLEW pipelines across diverse datasets,
showing low-to-moderate agreement in metrics and advising
caution when using them to study individual variation. It’s
further been used in a variety of speech-technology valida-
tions, evaluations, and advances (Cristia et al., 2020; 2021;
Lavechin et al., 2022; Räsänen et al., 2019; Ryant et al.,
2018; Schuller et al., 2017; 2019). Finally, the recordings in
the corpus are also being used to drive theoretical advances in
our understanding of what makes words more readily learn-
able at a mechanistic level (Beech et al., 2023), and how
larger-scale forces like financial scarcity may connect with
parent talk (Ellwood-Lowe et al., 2022).

In the work just mentioned, as the originating lab for the
dataset, we’ve played a range of roles from coauthors to data
donors to interested observers. We welcome other roles, and
in particular hope that the noun annotations in this datasetwill
continue to be used inmany fruitfulways to test theory-driven
questions regarding early word learning and its broader con-
nections to other aspects of linguistic, cognitive, and social
development. We also hope that they will continue to per-
mit and support the validation of new speech technologies,
an undervalued but critical component of new speech tool
development.

While potential use cases for this data aremany,wewant to
highlight that it does provide a very particular type of slice of
everyday input. Firstly, all the usual caveats regarding gener-
alizationbeyond this sample apply (i.e., other socio-linguistic
and cultural contexts, other ages, typological factors, activ-
ity contexts, etc., may render divergent results). But beyond
this, we want to highlight that focusing on the set of concrete
nouns we targeted in particular likely had consequences as
well. A deeper dive into other kinds of nouns (e.g., social cat-
egories of people which we generally omitted), other lexical
classes, particular activity contexts, or syntactic construc-
tions all might have shown different patterns in the input
overall or over developmental time (within or beyond our
6–17-month focus). We would particularly welcome further
cross-linguistic comparison with these caveats in mind, as
concreteness, imageability, nominal biases, and caretaker-
child interactions all provide a fertile ground for further
comparative inquiry.

Conclusion

A decade of data collection, aggregation, cleaning, and cura-
tion has led to the SEEDLingS-Nouns dataset presented here.
Itmakes a unique contribution in the depthwithwhich it char-
acterizes the dominant lexical class in the early vocabulary
of monolingual English-learning infants: concrete nouns.
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Moreover, to help support the data’s reuse, we provide many
layers of metadata, supporting code and documentation, and
details about the data’s origins, processing, and uses to date.
We look forward to seeing the contributions that ~360,000
nouns heard (or said) by the 44 SEEDLingS infants over the
year we observed them, and the who what and when of their
use, make in advancing language science.
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