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A B S T R A C T

This paper reports on the creation and composition of a new corpus of children’s speech, the Ohio Child Speech 
Corpus, which is publicly available on the Talkbank-CHILDES website. The audio corpus contains speech samples 
from 303 children ranging in age from 4 – 9 years old, all of whom participated in a seven-task elicitation 
protocol conducted in a science museum lab. In addition, an interactive social robot controlled by the researchers 
joined the sessions for approximately 60% of the children, and the corpus itself was collected in the peri‑pan
demic period. Two analyses are reported that highlighted these last two features. One set of analyses found that 
the children spoke significantly more in the presence of the robot relative to its absence, but no effects of speech 
complexity (as measured by MLU) were found for the robot’s presence. Another set of analyses compared 
children tested immediately post-pandemic to children tested a year later on two school-readiness tasks, an 
Alphabet task and a Reading Passages task. This analysis showed no negative impact on these tasks for our 
highly-educated sample of children just coming off of the pandemic relative to those tested later. These analyses 
demonstrate just two possible types of questions that this corpus could be used to investigate.

1. Introduction

This paper reports on a new corpus of children’s speech, the Ohio 
Child Speech Corpus (OCSC) currently available on the Talkbank- 
CHILDES corpora website (MacWhinney, 2000). All corpora on the 
CHILDES-Talkbank site can be accessed for free. The site contains data 
from several thousand children, including children acquiring English as 
well as dozens of other languages, and some children acquiring their 
language atypically. The data has been contributed to this resource by 
researchers over the course of more than 60 years and reflects the 
research questions and technology of those researchers. Thus the con
tents of individual corpus entries include children of a range of ages, 
doing a range of tasks (or no tasks at all), and recorded in a range of ways 
(video, audio, transcripts with no associated recordings). This website is 
widely used by language development researchers.

The OCSC contains speech samples from 303 children ranging in age 
from 4 – 9 years who all went through the same elicitation procedure. 
There are several distinctive features of this corpus that make it a unique 
addition to the field: the number and ages of the participants, the elicita
tion protocol used, the embedded study involving a social robot, the dual 
audio recording (i.e. both high and low fidelity), and the specific timing in 
which the corpus was collected (i.e. during the two summers after the 
COVID-19 pandemic lockdown). In addition, we note that the corpus was 
created at a lab embedded within a science museum and its participants 
were recruited from among the visitors to the museum and tested in a glass- 
enclosed room that was visible to other visitors. Thus, the entire process of 
creating the corpus was part of a museum exhibit with the aim of exposing 
the general public to what science “really” looks like. We discuss the value 
of each of these distinctive features and report on two preliminary analyses 
that make use of a selection of the corpus materials.
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1.1. Distinctive corpus features

1.1.1. Large child sample in the early school year ages
The OCSC contains a large sample (N = 303) of young school-age 

children, ranging in age from 4 – 9 years old. The OCSC is publicly 
available on the Talkbank-CHILDES database (MacWhinney, 2000), 
where it is distinctive in terms of its size, its age demographic, and its 
composition. Among the approximately 80 regular North American and 
British English corpora currently available, only one third contain 
overlap with the current age span and only 7% include at least 15 
children from a comparable age span. There are substantially more 
children in this age range in the Narrative corpora section (e.g. Peterson 
and McCabe, 1983; Hicks, 1990) and Frog Story corpora section (cf. 
Berman and Slobin, 1994) available on the Talkbank-CHILDES site, but 
children in those corpora typically engaged in just a single story-telling 
task and not the range of tasks included here. The Linguistics Data 
Consortium (LDC) is another large resource for corpora. In the LDC, 
there are almost two dozen corpora containing large numbers of chil
dren, many overlapping with the current age range (e.g. Eskenazi et al., 
1997). However, in these corpora, children often provided only very 
small individual samples, sometimes consisting of solely reading a word 
list (e.g. Leonard and Doddington, 1993). Thus, those data do not allow 
for the range of possible analyses that the current corpus does.

Language skills grow and change between the ages of 4 and 9 years 
(C. Chomsky, 1969; Nippold, 2016) and this corpus will facilitate in
vestigations of a range of different language skills in this age range. 
However, while the large sample size of the OCSC will provide some 
reasonable assurances of generalizability of findings, it should be noted 
that the demographics of the children in the corpus are highly specific 
(see Table 1).

1.1.2. Elicitation protocol
The same protocol was used to elicit speech from all of the children in 

the OCSC, and it consisted of a variety of tasks (see Table 2). The tasks 
were inspired by standardized tests used to assess children’s language 
(Richard and Hanner, 2005; Zimmerman et al., 2011; Gillam and 
Pearson, 2017). They included some tasks designed to explicitly high
light school readiness skills, such as alphabet and number knowledge, as 
well as the inclusion of short reading passages for older children. Other 
tasks were designed to encourage more open discourse styles such as 
describing amusing pictures and narratively-oriented pictures, as well as 
explaining how to do common tasks. In addition, one task was a classic 
task from the language development literature: the Wug task (Berko, 
1958), used to elicit plural forms. Not all children completed all items 
within each task and not all children completed every task. 

Nevertheless, the consistency of the speech samples across children, and 
especially across the age range covered by the corpus, makes it feasible 
to use the corpus to do cross-sectional age comparisons of specific lin
guistic skills.

1.1.3. Social robot assistant & embedded study
A particularly unique element of this corpus was the presence of a 

social robot, Jibo, for over half of the participating children. Social ro
bots are designed to facilitate and participate in appropriate conversa
tions and interactions with others. They are increasingly a part of 
children’s lives, including being involved in educational testing and 
assessment contexts (Wik and Hjalmarsson, 2009; Belpaeme et al., 2018; 
Spitale et al., 2020; Shahab et al., 2024). As we will discuss in more 
detail below, the impact of these devices on children’s language pro
duction has not yet been settled in the literature. Within our corpus, 
approximately 40% of the children went through the protocol with the 
social robot completely absent from the room while the remaining 60% 
of children were introduced to the robot and had periodic interactions 
with him throughout the session as it provided praise and encourage
ment. Moreover, we gathered some basic information about children’s 
background with social robots from the parents which can be used as a 
predictor of the effect of the social robot on their linguistic performance. 
In Section 3, we report in detail on how the presence and interaction 
type of the social robot influenced children’s language production in the 
Narrative Pictures task.

1.1.4. Dual recording of speech
The corpus was recorded in a museum setting which was a somewhat 

noisy environment. We collected the fluctuating ambient decibel levels 
in the room before each child was run, and these ambient levels ranged 
from 50 dB SPL to 75 dB SPL. To generate a clear audio track, children 
wore a high-fidelity lapel microphone that was placed on their clothing 
quite close to their mouths. In addition, we also recorded each session 
with a low-fidelity table microphone that was placed several feet from 
the child. The low-fidelity audio recordings feature much more of the 
environmental noise produced by the museum environment. To facili
tate synching between the two audio streams, children pressed noise- 
making buttons after each task which provided clear audio boundaries 
at regular intervals in the session. The high-fidelity audio track is of 
interest to researchers whose goals involve understanding the develop
ment of children’s language skills; this track is the one linked directly to 
the transcripts inside the Talkbank-CHILDES database site. However, the 
low-fidelity audio recording may be of interest to researchers in the field 
of automatic speech recognition (ASR). In the real world, noisy envi
ronments are common but they often pose challenges to automatic 

Table 1 
Participant information.

4-yr-olds 5-yr-olds 6-yr-olds 7-yr-olds 8-yr-olds 9-yr-olds All Children

N 26 54 60 63 57 43 303
Mean age (years) 

(range)
4.57 
4.1 - 4.98

5.56 
5.03 – 5.97

6.5 
6.0 – 6.99

7.54 
7.01 – 7.99

8.49 
8.02 – 8.98

9.40 
9.01 – 9.94

7.18 
4.1 – 9.94

Girls/Boys/Other1 18/8/0 27/27/0 33/27/0 34/28/1 29/28/0 25/18/0 166/136/1
Race White: 19 White: 38 White: 52 White: 50 White: 54 White: 35 White: 248

Black: 3 Black: 4 Black: 4 Black: 4 Black: 3 Black: 4 Black: 22
Asian: 2 Asian: 3 Asian: 3 Asian: 3 Asian: 0 Asian: 1 Asian: 12
Multiple: 0 Multiple: 8 Multiple: 1 Multiple: 2 Multiple: 0 Multiple: 1 Multiple: 12
Unknown: 2 Unknown: 1 Unknown: 0 Unknown: 4 Unknown: 0 Unknown: 2 Unknown: 9

Ethnicity Hispanic: 2 Hispanic: 2 Hispanic: 2 Hispanic: 4 Hispanic: 2 Hispanic: 4 Hispanic: 24
N multilingual 3 8 2 7 5 2 27
N with recent speech/language problems 1 1 4 4 2 3 15
Average Session Length in Minutes (range) 25.1 

(9.5 – 37.7)
28.8 
(9.2 – 49.4)

30.6 
(9.8 – 53.5)

32.9 
(19.9 – 55.3)

32.4 
(13.8 – 47.2)

32.6 
(21.8 – 50.0)

30.9 
(9.2 – 55.3)

Robot Absent 14 22 26 28 19 12 121
Robot Present (Encouragement) 6 9 10 9 19 11 64
Robot Present (Instruction) 5 9 16 14 9 9 62
Robot Present (Presents images) 1 14 8 12 10 11 56

1 One parent indicated that their child should not be classified as either a boy or a girl
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systems (Li et al., 2014). Our noisier recording offers an opportunity for 
researchers to test the robustness of their systems and compare it to 
performance with clear audio. The low-fidelity audio track is available 
by request.

1.1.5. Peri-Pandemic timing of data collection
We had not intended the timing of the data collection to be a notable 

feature of the OCSC. However, we began collecting speech samples in 
June 2021 and finished in early September 2022. In Columbus, Ohio, 
where the corpus was collected, schools closed for in-person instruction 
in March 2020 and remained virtual in most locations for the rest of that 
school year. Regular in-person classroom instruction was broadly 
resumed in the fall of 2021 for the 2021–2022 school year. The first 
wave of children we worked with were just coming off of a year of 
virtual schooling. Moreover, the lab itself in 2021 was still subject to a 
variety of COVID-related precautions. For example, the experimenters 
wore face-masks and most of the children wore face-shields during the 
sessions. The museum where the lab is located (see next section) had 
been closed for 15 months and had just re-opened that June. We worked 
with 106 children over the summer (June – August) of 2021. An 

additional 48 children were run over the following school-year 
(September 2021 – May 2022) which coincided with schools resuming 
in-person instruction in Ohio. The next major wave of data collection 
was in summer 2022 (ending on Labor Day) when the remaining 149 
children were run. By this second summer, all COVID restrictions had 
been lifted, both in Ohio and in the lab. This corpus provides a snapshot 
record of linguistic skills – including school-readiness skills – for two 
notable times: children who were just coming off of a year of virtual 
schooling (and general pandemic-related restrictions) and children who 
were one year past that moment. The OCSC thus allows for in
vestigations of how the pandemic may have influenced children of 
different ages, both in the immediate aftermath of broad shut-downs as 
well as potential longer-term effects. That said, we note that each child 
was run only once, so any comparisons are necessarily between-subjects 
and cross-sectional in nature. Moreover, we have no specific information 
about what each child’s individual experience was during the pandemic 
and therefore can only classify children based on the typical experience 
of children in Ohio at that time. In Section 4, we report on an investi
gation of two tasks – the Alphabet task and Reading Passages task – to 
see if performance was influenced by the specific pandemic-related 

Table 2 
Elicitation Materials.

Note: The pictures depicting common words in the Wug task were drawn from the Massive Memory database (Brady et al., 2008) and the pictures depicting nonsense 
words were drawn from the NOUN database (Horst and Hout, 2016). All other pictures were commissioned for this project and were drawn by Rebecca Hinkelman.
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timing when the children performed them.

1.1.6. Museum setting
This corpus was collected inside a unique lab space. The Language 

Sciences Research Lab is embedded inside the Columbus, Ohio, Center of 
Science and Industry (COSI) and the physical space consists of large 
“fish-bowl” style rooms where visitors to the museum can watch 
research as it is happening (Wagner et al., 2015). Families are recruited 
from the floor of the museum and invited to participate in contributing 
to a “real” science experiment. Research assistants were trained to 
provide educationally rich explanations of the work that are accessible 
to the museum-going public. The creation of a corpus of children’s 
speech is not a canonical science activity for most people and thus this 
project served as a large-scale public demonstration about how language 
scientists conduct their research.

1.2. Potential uses for this corpus

This corpus was created by a large team (see the co-authors list) with 
varied research interests. The uses of this corpus are as varied as the 
people who collected it. First and foremost, the corpus is a large sample 
of children’s natural (elicited) speech. It is useful for language acquisi
tion researchers who want to investigate the development of core lin
guistic skills in children’s lexicons, syntax, and phonology. Moreover, 
some of the specific tasks allow for more pointed investigations of 
children’s language skills: for example, the inclusion of the Wug task 
facilitates examinations of children’s plural production and the Routines 
task facilitates examinations of children’s ability to linguistically 
sequence events. The second major use we envision for this corpus is 
computational. Children’s speech is not as well represented in ASR 
models as adult speech is and this corpus contains audio recordings of a 
large sample of children, along with good transcriptions. These data 
could be used to train ASR models. Moreover, as noted in Section 1.1.4, a 
second, low-quality, audio stream is available upon request. This second 
audio was recorded specifically to allow for more robust ASR tests. 
Finally, the distinctive features of this corpus – the embedded robot 
study, the peri‑pandemic timing, and the location in a science museum – 
all create opportunities for other kinds of research questions. Below, we 
highlight two ways that the corpus can provide information in those 
domains, specifically the potential impact of a social robot on children’s 
speech and the potential impact of the pandemic on school readiness. 
Like all corpora of naturally produced speech, there are inherent limi
tations to the kinds of causal conclusions one can draw from it. However, 
the size and composition of this corpus make it an excellent starting 
point for developing research questions.

2. Speech sample collection methods

2.1. Participants

All participants were recruited at a local science museum and run in a 
glass-enclosed space within the museum. A total of 303 children were 
included in the corpus, and the full demographic description of these 
children can be found in Table 1. We note that the designation of having 
“recent speech/language problems” refers to information from parental 
report and indicates that the children were either currently experiencing 
problems, currently in therapy, or had been in therapy within the last 
year. An additional element of demographic information, not repre
sented on the table, is that the sample was drawn from highly educated 
families: 75% of children had at least one parent with a college degree or 
higher and for only 6% of children had neither parent attended college. 
An additional 5 children were run but were not included in the corpus 
because parents either declined permission for the data to be made 
public or did not provide full demographic information about the child. 
Basic demographic information (age, gender) is noted on each tran
script; a spreadsheet containing full demographic information for every 

child is available on the Talkbank-CHILDES website.

2.2. Elicitation stimuli

There were seven elicitation tasks used in the session, most which 
were adaptations of tasks commonly used in standardized assessment 
tests of children’s language (cf. Richard and Hanner, 2005; Zimmerman 
et al., 2011; Gillam and Pearson, 2017). The Alphabet task asked chil
dren to identify letters and words beginning with them; the Numbers 
task asked children to identify numbers and (when possible) do simple 
math problems; the Narrative Pictures task showed complex scenes that 
encouraged stories and asked children to describe them (this task was 
also used in the embedded robot task described below), the Routines 
task asked children to describe how to do everyday tasks, and the 
Whimsical Pictures task asked children to describe pictures containing 
amusing combinations of animals and objects. In addition, we used the 
Wug task which prompts children to produce plural forms of familiar 
and novel words (cf. Berko, 1958) and a Reading Passages task in which 
children read short passages at a 2nd grade reading level from the set 
used in Cartledge et al. (2015). All tasks were supported by visual items 
(pictures or words/numbers) which were presented on laminated cards. 
Table 2 describes the tasks in the order in which they were administered, 
including number of items and sample pictures.

2.3. Running procedures

Children were recruited from the floor of the museum space and 
invited (along with a parent or guardian) to come into the onsite testing 
space. The child sat at a small table beside a “testing” experimenter. The 
testing experimenter conducted all the main interactions with the child, 
including putting on the lapel microphone (Audio-technica MT830 
Omnidirectional Condenser Lavalier Microphone). The lapel micro
phone was placed on the child’s collar, near their mouth. At a separate 
table facing the child, the “technology” experimenter controlled all the 
logistical elements of the study, including measuring the sound levels in 
the room, controlling the social robot (when present), monitoring the 
recordings, as well as administering surveys and permission forms to the 
child’s parent. A second, lower fidelity, microphone (Fifine Mini 
Gooseneck USB Microphone) was placed on the technology table and 

Fig. 1. The Testing Set-up.
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also recorded the session. Children were not video-taped for this corpus. 
Fig. 1 shows a picture of a child being tested; the technology experi
menter was positioned at a table with the same view that the picture 
shows while parents were sitting off to the left. Note that this picture was 
taken during the summer of 2021, when full COVID-19 precautions were 
in use.

Parents (and occasionally, other family members such as younger 
siblings) sat near the technology experimenter. Parents were provided 
with questionnaires that asked for demographic information as well as 
information about the child’s familiarity with socially interactive robots 
and computers and their reading skills and frequency. The survey 
questions and responses can be found at the OCSC’s Talkbank-CHILDES 
site. Parents were provided with information about the Talkbank- 
CHILDES online corpus and signed permission forms allowing their 
child’s audio recordings to be made public on this site.

All children went through the seven elicitation tasks in the order 
listed in Table 2. The testing experimenter guided children through the 
full session. She first attached the lapel microphone to the child’s collar 
and made sure the child could reach the pictures and the noisemaking 
buzzers. She presented the pictures for each task which were collated in 
a large binder with color-coded tabs. She began each task by explaining 
its general purpose (“We’re going to talk about some numbers now”) and 
then followed up as needed with a set of general prompts (e.g., “What’s 
this? Can you tell me more?). For the Alphabet task, children were 
shown all 26 letters in sequence, each accompanied by a word beginning 
with that letter and its associated picture. Children were asked to 
identify the letter, to label the picture, and when feasible, to think of 
another word that began with the same letter. For the Numbers task, 
children were asked to label 28 individual numbers and then solve some 
simple math problems. Children who were unable to do the necessary 
arithmetic were asked instead to label the numbers in the equation. For 
the Wug task, children were presented with 20 cards, half depicting sets 
of common objects and half depicting novel objects. Children were 
provided with the label for one object on each card and prompted to 
describe a set of the objects (“This is a wug. What would you call these? 
These are…”). For the Narrative Pictures task, children were presented 
sequentially with four different richly detailed pictures. For example, 
one picture showed a girl holding a giant radish in a garden and another 
showed a scientist in a lab with a microscope and an octopus. For each 
picture, they were asked to “tell me what’s happening in this picture.” 
However, for many children this was the task in which Jibo provided 
those instructions and sometimes presented the pictures on his screen 

(see Section 2.4 below). For the Routines task, children were presented 
with a card depicting a familiar event, such as a child washing their 
hands or making breakfast. The child was asked to describe the card and 
then to “tell me how you do that.” For the Reading Passages task, the 
child was presented with a card showing one passage in a large font. 
Passages were returned to the binder at the back of their section so that 
all the passages would eventually be cycled through in the study. For the 
Whimsical Pictures task, children were presented with a small card 
showing an unusual pairing of items, such as a pig in a teacup or a giraffe 
eating a sandwich. Children were asked to “tell me what’s on this 
picture.”

If children were hesitant to talk, the testing experimenter could also 
provide hints, such as directing the child’s attention to items in the 
pictures or just telling them what a letter or an object was. Children were 
encouraged to complete each task, but if they became frustrated or 
bored, the testing experimenter would move to the next task. For the 
Reading Passages task, if children (or their parents) indicated that they 
couldn’t read, the task was not started. In general, we note that the 
priority for the testing experimenter was to encourage the child to speak 
even if that meant digressing from the task at hand. However, once di
gressions had run their course, the experimenter resumed the protocol 
where she had left off.

After each task, children pressed a noisemaking buzzer (their choice 
from among 4 buzzers). The buzzers served as mini-rewards within the 
session, and also provide a means for synching the two audio streams 
(see Section 1.1.4). Children were given a sticker for their participation 
at the end of the session. The average duration of each session was 
approximately 31 minutes long (see Table 1 for a breakdown by age 
group).

2.4. Social robot and embedded study

For approximately 60% of the children (see Table 1), a Jibo social 
robot was present throughout the session (see Fig. 2). Jibo is 12″ tall and 
was placed on the testing table along with the elicitation pictures. All 
children in the robot sessions began their session by being introduced to 
Jibo, who asked the child his/her name and his/her favorite color. Jibo 
provided encouragement (e.g. “you’re doing a great job”) intermittently 
throughout the entire session. Jibo uses a computer generated voice and 
he swivels his top when interacting in a reasonably anthropomorphic 
way. Jibo does have a variety of social capabilities that were not tapped 
in this experiment (he can, for example, make a virtual pizza). In order 
to keep the interactions with Jibo as similar as possible across the 
children, his interactions were restricted to a limited set of sentences and 
the timing of their use was controlled by the technology experimenter 
through a laptop computer.

During the Narrative Pictures task, Jibo could take on two additional 
responsibilities beyond praise and encouragement. In the Instruction 
condition, Jibo provided the specific instructions for the task: “Today we 
are going to do an activity together. I’m going to show you pictures and 
you’re going to tell me about them.” The testing experimenter would 
then present the child with the narrative pictures and Jibo would prompt 
the child for a description: “Look at the picture. What is this?” In the 
Picture Presentation condition, the elicitation pictures themselves were 
presented on Jibo’s “face” screen, which measures 4.5 × 2.5 inches. 
Thus, there were four possible conditions for this particular task: Robot 
Absent (for the 40% of children for whom Jibo was not present in the 
session at all); Robot Encouragement (when Jibo provided praise as it 
did throughout the whole session); Robot Instruction (when Jibo pro
vided praise and instructions for this particular task); Robot Picture 
Presentation (when Jibo provided praise, instructions, and presented the 
pictures on its face). Table 1 shows how many children in each age group 

Fig. 2. Jibo, the social robot.
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were in each of these robot conditions.1

2.5. Transcription procedures

All sessions were transcribed using the audio from the high-fidelity 
lapel microphone. Every utterance of the child, experimenters, and 
any others who spoke (occasionally mothers or siblings interjected ut
terances) was transcribed. We used standard CLAN conventions as laid 
out in the Talkbank-CHILDES site to format the files, including following 
conventions for noting unintelligible utterances, common children’s 
words, etc. Each transcriber went through a standardized training pro
tocol in which their work was checked closely and repeatedly by an 
experienced transcriber. In addition, trained transcribers participated in 
regular group meetings to receive refresher tips and trouble-shoot 
difficult cases. Every transcript was reviewed and corrected (as 
needed) by an experienced transcriber. A third transcriber did a final 
review and checked that all conventions were consistently applied. Any 
information that would make the child clearly identifiable (e.g., last 
names, home addresses, etc.) was redacted from the transcripts and 
bleeped out of the audio recordings.

3. Example 1 for using the corpus: looking at potential effects of 
a social robot on children’s speech

As noted in Section 1.1, one of the distinctive features of this corpus 
is the inclusion of the social robot, Jibo, in approximately half of the 
sessions. Social robots are becoming more common and they have a 
great deal of potential to facilitate interactions in educational and 
assessment contexts (Wik and Hjalmarsson, 2009; Belpaeme et al., 2018; 
Spitale et al., 2020; Esfandbod et al., 2023b; Shahab, et al., 2024). 
Previous research on the impact of social robots consistently shows that 
children are engaged by them (Kory-Westlund and Breazeal, 2015; 
Breazeal et al., 2016; Kanero et al., 2018; Esfandbod et al., 2023a). 
Measurements of children’s productive language when interacting with 
them is mixed, but largely positive. In one study (Kory-Westlund and 
Breazeal, 2015), the presence of a robot teacher led typically developing 
preschoolers to produce more words and greater lexical diversity 
(relative to a human teacher) and in Esfandbod et al. (2023b), a highly 
interactive lip-synching social robot led to gains in a speech language 
therapy context. However, in Spitale et al. (2020), the effect of a robot 
teacher did not change behavior compared to a human teacher and in Xu 
et al. (2021), the robot teacher (relative to a human one) led to lower 
rates of language production and quality although the children did 
achieve higher rates of comprehension. More generally, the conclusion 
of the review paper by Kanero et al. (2018) is that there are not enough 
studies of the impact of social robots on children’s language abilities to 
draw firm conclusions.

The study embedded within this corpus was designed to add to our 
understanding of how social robots impact children’s general language 
usage. Our Jibo robot offered a rather modest type of interaction with a 
social robot: his speech was controlled by an experimenter and he was 
deployed sparingly through most of the corpus tasks. However, for one 

of the tasks, the Narrative Pictures task, we purposefully provided 
different “doses” of Jibo to different children. We noted that some of the 
robots with the most dramatic impacts on children involved robots that 
were especially active with the children and we hypothesized that 
increasing Jibo’s responsibilities in that task would lead to increased 
impact. Thus, Jibo’s role in that task had four levels of increasing in
tensity: Absent, friendly Encouragement, encouragement plus providing 
Instructions, and encouragement plus both providing instructions and 
Presenting pictures. Given the nature of our corpus, our measures of 
impact are both related to children’s production: how much do they say 
(a quantity measure) and how complex are their utterances (a quality 
measure).

3.1. Methods

Section 2.4 above describes the Narrative Pictures task imple
mentation, including the four roles that Jibo could play within it. We 
analyzed the transcripts of the 301 children within the OCSC who 
completed the Narrative Pictures task (two children, mean age 5.8 years, 
could not be included because they did not participate in that task). The 
dependent measures in this analysis were the number of utterances the 
child produced, a measure of language quantity, and the child’s mean 
length of utterances (MLU), a very general measure of language 
complexity. Our analyses focused exclusively on children’s performance 
in the Narrative Pictures task, which was the only one where we sys
tematically varied the role of the Jibo robot. We chose this task for this 
embedded experiment because it was a straightforward task to admin
ister requiring little back-and-forth interaction, thus making it easy for 
Jibo to provide appropriate directions. It was also a task that empha
sized the child’s free production as there were many ways to describe, 
explain, and elaborate on the rich pictures. We note that this task rep
resented on average 26% of each child’s utterances in their entire ses
sion, making it a representative task of their linguistic abilities.

3.2. Results

Fig. 3 shows the impact of the robot on the linguistic quantity 
measure of number of utterances for the children as a function of their 
age. A linear regression analysis was conducted with Robot role (Absent, 
Encouragement, Instruction, Presentation), Child’s age (measured 
continuously), and their interaction as the independent variables and 
number of utterances as the dependent variable. This model signifi
cantly predicted the number of utterances (R2 = 0.074, p = .002). Both 
Robot role and Child’s age were significant predictors, but the interac
tion was not significant.2 As can be seen by the positive slopes in Fig. 3, 
the age effect reflects the fact that children say more as they get older (β 
= 8.169, p = .019). As can be seen in Fig. 3, children produced fewer 
utterances in the Robot Absent condition (the solid black line) than they 
did in the other conditions (the remaining lines). However, the only 
significant difference across Robot roles was between Robot Absent and 
Robot Encouragement (β = 82.335, p = .043).

A second regression analysis was conducted with Robot role and 
Child’s age as independent variables and the dependent variable of 
MLU, our measure of linguistic complexity. This model significantly 
predicted MLU (R2 = 0.112, p < 001) but for this variable, only the 
Child’s age was a significant predictor (β = 0.321, p < .001), while the 
Robot role was not (β = 0.071, p = .198). As can be seen in Fig. 4, the age 
effect is reflected in the positive slope of all the lines (MLU increased 
with age), while the lack of effect for Robot role can be seen in the way 

1 The intention was to have equal numbers of children in each age group in 
each robot condition. The over-sampling of children without the robot present 
at all reflects the fact that we went through several periods where we were 
having technical difficulties with Jibo. We opted to run children in the Robot 
Absent condition rather than forego testing opportunities entirely. The uneven 
distribution of children in the three conditions with the robot reflects an 
interaction of our overall strategy of minimizing procedural changes for the 
experimenters within a shift of testing (thus, each experimenter pair typically 
ran all of their participants in a given shift in the same condition) and the fact 
that recruitment was done opportunistically on the museum floor (thus, some 
days and some shifts yielded greater numbers of participants in different age 
groups than others). While we endeavored to even out the cells over the lifetime 
of the project, we did not achieve a fully counter-balanced design.

2 We also checked if the child’s gender or the amount of familiarity with 
social computers influenced the number of utterances produced but neither 
item was a significant predictor in the model (either alone or in combination 
with Robot condition and Age). A similar null effect was found for Gender and 
Familiarity for the MLU analysis as well.
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all of the lines overlap.

3.3. Discussion

These results showed that in a focused task that emphasized creating 
an extensive, self-contained speech sample, the presence of the social 
robot led children to talk more, but did not change the complexity of 
their speech, as measured by MLU. The extent of the robot’s role, 
however, was not important: children talked on average more in all of 
the conditions when the robot was present relative to when it was ab
sent. The lack of effect for the robot dosage, however, may reflect the 
fact that in practice, we did not differentiate the conditions very effec
tively. A review of the frequency of Jibo’s interactions (when he was 
present) showed that he talked very little relative to the testing experi
menter and that the amount he talked did not change across the con
ditions, ranging from just 3.7% to 4.7% of the utterances addressed to 
the child. The interactions with the child were primarily carried by the 
experimenter, regardless of condition. That said, despite the lack of 
differentiation among the conditions when Jibo was present, we note 
that the Robot Absent condition did lead to less talking by the child 
relative to all of the conditions with the Robot Present. Thus, even 
though children spent very little time overall interacting with Jibo in 
any condition, even the small dose of interaction had a measurable 
impact on the amount of child talking. These data support the idea that 
social robots encourage engagement from children (e.g. Kory-Westlund 
and Breazeal, 2015).

4. Example 2 for using the corpus: looking at potential effects of 
COVID-19 on children’s school readiness

As noted above, approximately one third of the children in the corpus 
were run during the summer immediately following the COVID-19 
lockdown. We were therefore able to investigate whether these chil
dren were behind in basic school skills relative to children of the same 
age who were tested the following year, after a comparatively normal 
year of schooling. We examined two reading-related tasks: the Alphabet 
task and the Reading Passages task. The Alphabet task asked children to 
identify each letter of the alphabet, identify a picture beginning with 
that letter, and to come up with their own word that also began with the 
letter. Alphabet knowledge is a critical pre-reading skill, and one that 
children are expected to master by the time they are in first grade (Ohio 
Department of Education, 2017). The Reading Passages task asked 
children to read short texts drawn from the set used in Cartledge et al. 
(2015) that were targeted towards children at a 2nd grade reading level.

We hypothesized that young children who had just missed a tradi
tional year of early schooling – preschool or kindergarten – during the 
pandemic would be worse at the Alphabet task relative to children who 
had just completed those school years. We further hypothesized that 
older children who had just missed a traditional year of later schooling – 
1st through 3rd grade – would be less willing and less able to complete 
the reading passages relative to children who had just completed those 
school years. We omitted all children who were tested during the school 
year from the analysis to avoid the potential impact of ongoing school 
instruction. We note that we did not get detailed information about 
children’s schooling and thus we classified children based on their age, 

Fig. 3. Number of Utterances for Each Robot Condition.
The number of utterances each child said during the Narrative Pictures task for each Robot Condition. The black dots show the condition when the robot was absent 
and the colored dots show the conditions when the robot was present in different roles. The lines in matching colors show how the number of utterances changed as a 
function of the children’s age. Children produced significantly more utterances as they got older (shown in the positive slopes of all the lines). Children also said 
fewer utterances when the robot was absent (shown by the black line being consistently lower than all the colored lines).
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the cut-off dates for local schools in Ohio, and the timing of the lock
down in the area.

4.1. Alphabet analysis

4.1.1. Participants
We focused on the 112 children in the database who were tested in 

the summertime and who should have just completed a year of either 
Kindergarten or Pre-K schooling. The children tested in the summer just 
post-pandemic (2021) most likely missed that schooling while the 
children tested in the following summer (2022) most likely just 
completed it. The Just-Post-Pandemic cohort consisted of 43 children, 
24 of whom likely missed Kindergarten (M age = 6.34 years) and 18 of 
whom likely missed some kind of Pre-K schooling (M age = 5.07 years). 
The Year-Later cohort consisted of 70 children, 6 of whom likely missed 
Kindergarten and 64 (M age = 6.97 years) of whom likely missed some 
kind of Pre-K schooling (M age = 5.62 years).

4.1.2. Coding
We adopted strict criteria for success: children needed to provide 

their answers spontaneously without any hints or prompting beyond a 
basic command (“What letter/word is this? What other words start with 
that letter?”). However, as not all children were prompted for all three 
parts of the task on all letters, the proportion correct was calculated 
based on the number of opportunities children were offered to succeed. 
In some cases, a child was never asked to complete any task beyond 
letter identification and thus the N’s for word identification and word 
generation are lower.

4.1.3. Results
We ran three separate ANOVA analyses with Cohort (Just-Post- 

Pandemic vs. Year-Later) and School Year (Kindergarten vs. Pre-K) as 
independent variables, and the separate dependent variables of per
centage of letters identified, percentage of words identified, and per
centage of letters for which children could generate new words. For the 
percentage of letters identified, we found no effect of either Cohort (F (1, 
111) = 0.212, p = .65) or School Year (F (1, 111) = 0.198, p = .66), and 
no interaction between the two variables (F (3, 108) = 1.23, p = .27). 
These non-effects likely represent ceiling effects, as the success rate in 
this task was quite high, with children identifying 87.5% (or 23) letters 
on average overall. Looking at the slightly more challenging task of word 
identification, the ANOVA revealed an effect of Cohort (F (1, 109) =

4.05, p = .047, partial eta squared = 0.037) and School Year (F (1, 109) 
= 8.933, p = .003, partial eta squared = 0.078), but no interaction be
tween the two variables (F (3, 106) = 0.232, p = .63). As can be seen in 
Fig. 5, children performed better on this task if they had just completed/ 
missed Kindergarten relative to Pre-K, and also performed better if they 
were in the Year-After cohort than in the Just-Post-Pandemic cohort. 
Both of these results are in the hypothesized direction. On the even more 
challenging task of generating their own words, over half of the children 
did not complete the task. However, that decrement was approximately 
equal across the cohorts (55% attrition rate in Just-Post-Pandemic 
cohort and 59% attrition in the Year-Later cohort). As can be seen in 
Fig. 5, the lower N led to substantial variability in the scores, making the 
tests less sensitive overall. The ANOVA showed no significant effect of 
either Cohort (F (1, 47) = 2.69 p = .11) or School Year (F (1, 47) = 0.038, 
p = .85), and no interaction between the two variables (F (3, 44) = 0.12, 
p = .73).

Fig. 4. Mean Length of Utterance (MLU) for Each Robot Condition.
The MLU each child said during the Narrative Pictures task for each Robot Condition. The black dots show the condition when the robot was absent and the colored 
dots show the conditions when the robot was present in different roles. The lines in matching colors show how the number of utterances changed as a function of the 
children’s age. Children produced significantly longer utterances as they got older (shown in the positive slopes of all the lines). There was no significant effect of the 
robot condition on MLU.
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4.2. Reading passages

4.2.1. Participants
We focused on the 129 children in the OCSC who were tested in the 

summertime and who should have just completed a year of first, second, 
or third grade in school. The children tested in the summer just post- 
pandemic (2021) most likely missed that schooling, while the children 
tested in the following summer (2022) most likely just completed it. The 
Just-Post-Pandemic cohort consisted of 59 children, 23 of whom likely 
missed first grade (M age = 7.46 years), 21 of whom likely missed sec
ond grade (M age = 8.49 years), and 15 of whom likely missed third 
grade (M age = 9.45 years). The Year-Later cohort consisted of 70 
children, 29 of whom likely just completed first grade (M age = 7.55 
years), 25 of whom likely just completed second grade (M age = 8.48 
years), and 16 of whom likely just completed third grade (M age = 9.31 
years).

4.2.2. Coding
We coded the number of passages each child started, which can be 

seen as a measure of children’s interest and enthusiasm for the task. We 
also coded the number of passages that each child completed, which can 
be seen as a measure of children’s persistence.

We did not undertake the more complex coding of assessing the 
quality of children’s reading of each passage so our measures do not 
capture the nuance of their reading ability.

4.2.3. Results
Our first analysis looked at the number of passages that children 

started to read. The range in values was 0 – 4, and by definition, only 
whole numbers were possible. Thus, we used two separate non- 
parametric Kruskal Wallis tests to determine if there were differences 
on reading enthusiasm as a function of the School Year that the child 
likely most recently missed/completed (First, Second, Third grade) or 
testing Cohort (Just-Post-Pandemic vs. Year-After). The results showed 
no difference for School Year (H (2) = 2.5, p = .29) on how many 

Fig. 5. Children’s Performance on the Alphabet Task.
There were no significant differences of cohort or grade level on the number of letters identified or number of new words generated. However, for the number of 
words identified, there was a significant effect for both the Cohort and Grade Level of the child.

Fig. 6. Children’s Performance on the Reading Passages Task.
Children who missed/completed higher grades completed significantly more passages. In addition, children who were tested in the year Just-Post-Pandemic started 
and completed significantly more passages than children in the Year-After.
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passages children started to read. However, there was a significant effect 
of the Cohort, with children run in the Just-Post-Pandemic year starting 
more passages on average than those tested in the Year-After (2.2 pas
sages vs. 1.4 passages: H (1) = 11.08, p < .001). These results run 
counter to our hypothesis and can be seen in panel A of Fig. 6.

To investigate whether the children finished the passages they star
ted, we calculated the proportion of completed passages for each child. 
We chose this more continuous measure rather than just the number 
completed to adjust for the differences in the number of passages chil
dren started. Children who did not start any passages (N = 9) were not 
included in this analysis. We conducted an ANOVA with School Year and 
Cohort as independent variables, and the proportion of completed pas
sages as the dependent variable. The results showed significant effects 
for both School Year (F (2, 114) = 6.03, p = .003, partial eta squared =
0.096) and Cohort (F (1, 114) = 6.32, p = .013, partial eta squared =
0.053), but no interaction between the two variables (F (2, 114) = 0.14, 
p = .87). As can be seen in panel B of Fig. 6, children completed more 
passages in the Just-Post-Pandemic year than they did in the Year-After, 
and they completed more passages as they got older (by Least Squared 
difference tests, children who had likely just finished first grade 
completed significantly (p < .05) fewer passages than children who had 
likely just missed/completed second or third grade although there was 
no statistical difference between the number of passages finished by the 
two older groups).

4.3. Discussion

Overall, these results suggest that for the children who participated 
in this corpus, the pandemic may not have disrupted their schooling 
strongly. For younger children, alphabet knowledge was mostly unaf
fected by the pandemic. While children who had just missed a year of 
Pre-K or Kindergarten did identify fewer words beginning with the 
target letters than children a year later, even that result should be seen in 
the context of overall quite high performance. For older children, the 
pandemic actually increased their performance in the reading task. In 
the year immediately following the lock-down, children were more 
willing to begin reading passages and also more successful at completing 
the ones they started relative to a year later.

We had hypothesized the reverse results. One possible reason for our 
findings is that our dependent measures were not sensitive enough. We 
used simple measures easily extracted from the corpus and they may 
simply not reflect children’s real difficulties. Another severe limitation 
to this particular study is that we had no specific knowledge about 
children’s educational background, and especially no knowledge of 
what kind of schooling they received during the pandemic. We classified 
children based on what was typical for children of that age in our 
location but we have no guarantees that children followed the typical 
patterns.

Nevertheless, given those typical patterns, we should perhaps not be 
quite so surprised that the children in our sample were not so adversely 
affected. Recent results (Fahle et al., 2024) have found that while the 
pandemic was detrimental to school skills for children from mid- and 
low-income school districts, children in high-income school districts did 
not see declines on their test scores; moreover, the state of Ohio (where 
our testing was done) was notable for widening the achievement gap in 
reading between high- and low-income families during the pandemic 
(see figure 11 in Fahle et al., 2024). The children in our corpus came 
from families with high educational levels – 75% of them had at least 
one parent with a college degree and many had multiple parents with 
college degrees or post-graduate degrees. Many of our children likely 
came from the demographic in Fahle et al. that showed pandemic 
resilience in their reading skills.

However, our results did not merely show that these children were 
unaffected by their pandemic year in this domain. For the Reading 
Passages task, they showed that children were doing significantly better 
immediately post-pandemic. We suspect that a second factor, 

“pandemic-coping”, may be at play. Anecdotally, we noted that people 
who were willing to come to the museum in the Just-Post-Pandemic 
summer were extremely eager to interact with new people. Both par
ents and children may have brought a special enthusiasm for doing a 
task that allowed children to talk with people from outside of their own 
families. Relatedly, parents who were willing to bring their children into 
a very public space which was subject to a variety of pandemic-oriented 
regulations (e.g., masks, distancing, sanitizing routines) may have been 
the type of parents who were particularly motivated to ensure that their 
children received educational enrichment – something they may also 
have provided during the lockdown period. All pandemic regulations 
were over by the Year-After summer, and perhaps also the pandemic- 
coping bump of highly educated families may also have been over.

5. General discussion

The OCSC is a large cross-sectional corpus of children’s speech which 
can be used to investigate a variety of questions in children’s language 
development. We reported on two such questions that took advantage of 
distinctive features of the corpus and its collection. One distinctive 
feature of this corpus was that roughly 60% of the children were tested 
with the assistance of a social robot. In one study, we investigated the 
effects of having that robot present on children’s speech during one 
specific task. We found that the presence of the robot increased chil
dren’s willingness to talk, as measured by the number of utterances 
produced, but did not change the complexity of their speech, as 
measured by their MLU. This result suggests that social robots might be a 
benefit in situations when one wishes to encourage children to speak – 
for example as part of administering tests to assess language skills. A 
second distinctive feature of the corpus was that it was collected during 
the peri‑pandemic time period. In a second study, we investigated 
whether children who were in the immediate aftermath of the pandemic 
lockdown would show worse pre-reading and reading skills relative to 
children tested a year later. We found that not only did the children 
show no detrimental effects in the first post-lockdown summer relative 
to the second, they in fact were significantly more likely to start and 
complete reading passages in that first post-lockdown summer. This 
result points to a demographic feature of our corpus, namely, that the 
children came from highly educated families. Their performance on the 
school readiness tasks is consistent with national trends in achievement 
gaps that were exacerbated during the pandemic.

The two studies reported here give a flavor of the kinds of things that 
could be examined in our corpus, and we identify several further po
tential uses in Section 1.2. However, even for the studies reported here, 
our investigations so far have only looked at a fraction of the richness of 
this data set. We have not, for example, examined whether the presence 
of the robot materially changes the kinds of things that children talk 
about: one might imagine that Jibo primes distinctive vocabulary words. 
We have also not examined the nature of the errors that children make 
when reading different passages. Nor have we looked at the different 
ways children describe their own reading ability. Further studies using 
this corpus are thus possible and very much encouraged. All of the audio 
data and associated transcripts have been posted on the Talkbank- 
CHILDES database for others who wish to make use of this corpus to 
investigate questions of their own.
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