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Abstract

Personalized feedback based on the automated analysis of au-
dio samples could be useful in a wide range of intervention
contexts, from early childhood to neurodegenerative programs,
which target behaviors having vocal correlates. In this paper,
we describe an automated pipeline that allows one to provide
personalized feedback based on the automated analysis of au-
dio samples of caregiver-child conversations captured using a
smartphone. The pipeline relies on open-source packages and
AWS in order to provide a cheap, reproducible, and consider-
ably scalable solution for researchers and practitioners inter-
ested in early childhood development and caregiver-child in-
teraction, and which could be adapted for other use cases. It
processes conversation files that are 1-10 minutes long, with a
cost of 0.20 US$ per hour of audio analyzed. It is currently op-
erational in one large-scale experiment in Uruguay, where audio
files are collected through a chatbot, whose implementation is
not covered in this paper. Finally, we lay out limitations of our
approach and potential improvements.
Index Terms: automated analyses, acoustic analyses, infant-
parent interaction

1. Introduction
There are many situations in which it would be useful to pro-
vide personalized feedback based on the automated analysis of
audio samples. For example, many early childhood interven-
tions today focus on changing parental behaviors that have vo-
cal correlates, such as inviting parents to use Parentese [1]; and
audio samples can also help in assessing the progress of neu-
rodegenerative disorders [2]. In this paper, we explain in detail
a pipeline that we created that allows automated analyses of au-
dio samples by focusing on the former use case, but we believe
many of the ideas and technical solutions described here can be
used in other cases.
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1.1. Related work

The idea that we can provide feedback based on automated anal-
yses of speech, including that collected from a distance, is far
from new [3]. More recently, however, the implementation of
such systems has been dramatically facilitated by widespread
access to the internet around the globe and the appearance of
affordable and versatile cloud services.

Perhaps the most salient field in which this idea has been
implemented is automated feedback system used for teaching.
Countless solutions have been developed, in the hope of provid-
ing a learning experience close to what a human teacher would
offer at much lower operating costs. For example, a recent re-
view [4] evaluated and classified 109 such systems.

Automated feedback tools for speech also exist in the do-
main for which we developed the solution presented here,
namely parent-child interaction. The most famous may be the
LENA system, a solution proposed for perceived disparities in
language stimulation in USA [5] by providing caregivers with
numerical summaries of how much they talked around the child,
how many conversational turns parent and child engaged in, and
how much the child vocalized. Unlike the solution we propose
below, children have to wear a recording device over a whole
day, and the data are uploaded by connecting this device to a
computer or the cloud. Although the system was initially con-
ceptualized to be a “business to customer” solution, that would
be purchased by individual families, who would receive feed-
back on the previous day’s recording by connecting to the cloud,
it is currently rather marketed in the context of public health ap-
proaches, and families do not receive immediate feedback. No-
tice additionally that the reliance on a purpose-built hardware
(that costs about 300-400US$ per unit) also makes it a difficult
choice for low-resource settings. Additionally, since data are
analyzed by the LENA Foundation in their American clusters,
this may entail some difficulties depending on country-specific
legislation. For instance, in Europe, such a transfer would re-
quire written consent including several lines of information,
which may cause families to worry and decline participation.

We have not been able to find a tool that provides caregivers
with immediate feedback on their interactions with children, de-
spite the fact that there are useful tools that have been developed
to facilitate speech analyses. For instance, SoundCount [6] is an
open-source web-based tool built to allow researchers to more
easily analyze speech through third-party ASR systems, such as



Google Cloud or Sphinx, and return descriptive features such
as number of words and transcript as well as gender, age and
dialect of the speaker in the audio. The authors mention the
potential use case of book reading. Although we think this is
a fantastic initiative, the solution assumes a specific context for
interactions that are not spontaneous and may not be the typi-
cal way in which a specific dyad interacts; indeed, some fam-
ilies find it unnatural to read a book to their infant, and prefer
singing to/with their child, or merely conversing while playing
with toys. Moreover, this system assumes that the initial record-
ings were previously split into smaller files each only containing
speech from a single speaker, and thus the files need to be pro-
cessed by researchers. Finally, the reliance on an ASR system
means that only families speaking well-resourced languages can
benefit from this system, and the fact that these are third-party
systems also implies certain ethical and legal challenges related
to data sharing.

Here, we present a tool that takes a rather different ap-
proach from SoundCount. To begin with, our tool does speaker
diarization [7] to avoid having to perform human annotation
tasks beforehand and which is more fitting to truly spontaneous
parent-child interaction. We rely on open source models that
have been trained multilingually, including on low-resourced
languages and multilingual settings, to make the system more
flexible (and in fact, the models we use can also be retrained
with domain-specific data). It also avoids considerations of
data sharing when dealing with third parties, especially given
the sensitive nature of child-centered recordings.

1.2. Our use case

This pipeline was developed in the context of a larger random-
ized control trial (RCT), in which families whose children are
traditionally at higher risk of language and cognitive delays
were enrolled. This RCT was designed, implemented, and eval-
uated by a team separate from the one implementing the current
solution, and therefore a full description of the RCT is beyond
the scope of the present paper. Here, we describe only general
features that can aid in the comprehension of the technical solu-
tion described here. There was a control group and several ex-
perimental treatment groups, totaling over a thousand families.
All the treatment groups had in common a curriculum which
provided caregivers with information about child development
and caregiver behaviors that are beneficial to that development,
according to previous work (e.g., [1]). Building on previous
work by the team leading the RCT showing that messages re-
inforce caregiver behavior changes, a subset of families were
assigned to a special treatment group, which additionally had
the opportunity to hold “conversations” with a chatbot in What-
sApp, chatbot that was developed by the company SimpleTech.
A subset of this subset (about 300 families) were further encour-
aged to upload audio messages via WhatsApp, in which case the
audio was passed on to our analysis pipeline.

Families were asked to record these audios in a relatively
quiet situation, for instance reading a book, singing to the child,
or playing with the child. The team originally considered in-
cluding recommendations to record during mealtime and bath-
time, since these can provide “quality time” between caregivers
and children, but the idea was abandoned given that such audio
contexts will likely contain a great deal of background noise
and thus be challenging to analyze. Families were asked to
record these short interactions ideally when other people were
not around, so that we came to expect just the key child (the fo-
cus of the intervention, typically aged 3 years or younger) with

one caregiver (often the mother).
Given that it was the first time such a service was offered to

these families, we had no idea about how often families would
upload audios, how long these would be, and how quickly they
would want feedback. Taking into account also cost, we as-
sumed families would upload maximally one audio per week;
we capped analysis time to the first 10 minutes of audio (and
required the minimum duration to be 1 minute); and we batched
analyses and feedback provision to be carried out once a day.

The phases of this process that are covered in this report
are in Figure 1. We do not cover here how a chatbot was set
up in WhatsApp, how conversations were established with hun-
dreds of families at once, nor how audios that the family shares
in a conversation with this chatbot are extracted from this con-
versation, since these are steps developed by our partners Sim-
pleTech. Similarly, we do not provide costing for these steps
nor technical/security analysis for them.

Other potential use cases. We believe this pipeline can be
re-purposed for a variety of other purposes. We provide here a
short list to help readers decide in which type of re-use case they
are in, and the estimated additional effort it would take them to
adapt our pipeline.

Minimal effort. Readers working on caregiver-child inter-
action in a similar population (e.g. same language, same kind
of smartphone hardware) and who want to use the exact same
feedback set-up can directly borrow our code. They will need
to set up an AWS account and replicate the setup as described
below.

Additional effort to check that automated audio analy-
ses perform well enough. Some readers working on caregiver-
child interaction may intend to collect data in a substantially
different population (e.g., a language that is very different from
Spanish, with children who are older than 3 years of age, inter-
ested in the interaction between the child and other children, or
interactions happening during “noisy” activities, like mealtimes
and daycare) and who want to use the exact same feedback set
up can directly borrow our code. In this case, in addition to the
adaptation work described above, we highly recommend human
annotation for a random or representative sample of audios, so
that performance of audio analysis routines can be evaluated.

Additional effort to adapt the automated analyses. If
comparison against human annotation reveals performance is
insufficient, retraining will be needed. Retraining is also needed
for a substantially different use case, such as collecting audio
samples from people with neurodegenerative disorders, to as-
sess the progress of their symptoms. In the latter case, the met-
rics we employ are likely irrelevant and others are more infor-
mative. Fortunately, the audio analyses build on open source
retrainable software [7, 8, 9].

Additional effort to adapt the VM for scale. We devel-
oped this solution assuming that maximally, we’d receive 300
10-min files in a day, and that feedback could take up to 24h to
arrive. If more or longer files are expected, then the parameters
of the VM need to be revised. One option is to analyze more
frequently, every 6h rather than once a day, which would also
allow faster feedback. Attention should be paid to the risk that
space requirements are exceeded; and/or that the time needed to
analyze one batch bleeds into the time for the next batch.

1.3. General architecture of the software

The pipeline is described including technical details below, but
in a nutshell, the following phases are covered in this report (see
Figure 1):
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Figure 1: Graphical representation of the pipeline phases cov-
ered in this report

• The audio file is uploaded to our API and preliminary tests
are run, to provide instant automated error messages. If no
error is found, the file is kept for analyses.

• Once a day, the VM is turned on, the dataset and analysis
package are installed

• Automated analyses are carried out. These include four open-
source modules (VTC, ALICE, VCM, pychattr), which do
(respectively) voice type classification, estimation of adult
word/syllable/phone counts, classification of key child vocal-
ization’s vocal types (into more and less advanced speech-
like utterances versus crying and laughing), and estimation
of conversational turns. In addition, sections attributed to an
adult and/or key child were submitted to acoustic analyses to
extract acoustic parameters like f0 (a correlate of pitch, which
is a key variable in Parentese, REF). The automated analyses
resulted in file-level metrics such as the average number of
words uttered by the caregiver.

• The RCT leading team decided to provide feedback based
on a comparison between a previous audio and the last one
by the same family (with a default message being provided
for the first audio from that family). This allowed simpler
messages (e.g., ”you talked more” rather than ”you talked 17
words per minute”).

We do not cover here how a chatbot was set up in What-
sApp, how conversations were established with hundreds of
families at once, nor how audios that the family shares in a con-
versation with this chatbot are extracted from this conversation,
since these are steps developed by our partners SimpleTech.
Similarly, we do not provide costing for these steps nor tech-
nical/security analysis for them.

2. Technical description of the pipeline
In this section, we provide a more detailed technical description
of each of three key aspects in our pipeline: 1) an API through

which audios can be uploaded and resulting messages retrieved;
2) managing the dataset and its structure; 3) analyzing audios,
and preparing a personalized message.

To provide a constantly available upload platform and a
self-running analysis, we rely on using Amazon Web Services
(AWS)1. While it is possible to set up a similar pipeline on other
cloud services, we will limit our explanation to this specific
platform. To learn more about the costs of using AWS, refer
to our Evaluation section.

AWS services that we use and reference in the following
description of the pipeline2:
• S3: cloud storage service
• EC2: Virtual Machine service
• Lambda: cloud code execution service
• API Gateway: REST API service
• EventBridge: service to define trigger events

2.1. API

The pipeline only requires end users to perform two operations,
that is: 1) uploading the audio files and 2) downloading the
resulting messages to dispatch to the families. Both of those
operations are conducted by an API hosted on AWS. We include
checks and messages to the users in both of these phases, which
we detail here as well.

2.1.1. Uploading

An overview of the upload phase (including checks and mes-
sages) is provided in Figure 2. The upload is done by dispatch-
ing a POST request to the API upload endpoint provided by
Amazon when creating the API. The content of the file is sent
directly in the query along with a file name. For the request to be
accepted, it must include a secret API key, preventing unautho-
rized parties from sending unwanted audio files to the pipeline.
Once the file is received by the API server, it is sent to a vali-
dation process using the AWS lambda service. This service is
running code (in our case python code) to perform a number of
checks before the file is accepted. We include controls on:
• Format of the file (we accept .ogg only, determined by our

target use case, in which a WhatsApp chatbot receives the
audios)

• Integrity of file content
• Length of audio (should be at least 60 seconds)
• Maximum size of the file (should be smaller than 5MB)
It is possible to add other tests such as checking the sample rate
as long as those checks do not include information that is ob-
tained by the pipeline analysis, e.g. rejecting a file because we
did not find any child vocalization. When a submitted file does
not meet one of the requirements, an error code and an explana-
tion message are returned in response to the request. Once suc-
cessfully controlled, the recording is then stored into S3, which
we use in this case as a temporary storage location until the

1To start using AWS, you will need an account. If
you don’t already have one, create a new account at
https://portal.aws.amazon.com/billing/signup#/start/email

2We do not include in this description the service for managing users
and permissions, called IAM. This is used to set up permissions. For in-
stance, when the AWS account is created, this is automatically the ‘root’
account, which is used to create the first Administrator users inside the
IAM platform. Then administrators can sign in to their account to set
up the pipeline. Incidentally, we remind readers that it is good practice
not to use the ‘root’ account directly after that.
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daily analysis is run.

2.1.2. Downloading

The pipeline analysis (which will be detailed below) outputs
messages files in a csv format. Those files contain a list of mes-
sages as a series of responses to dispatch to the participants.
An overview of the downloading phase is given in Figure 3. In
order to get those files, in a similar process to what is done to
upload, A GET request is sent to the API download endpoint,
including a valid API key to avoid responding to requests from
unauthorized sources. In the context of our use case, we agreed
with our chatbot partners that we would name the output files
“messages AAAAMMDD.csv” where AAAA is the year, MM
the month and DD the day on which we received the recordings.
This allows our partners to submit a query for a file containing
all feedback messages for each day. S3 is used as storage for
all the output files, keeping them available even after the day
has passed. If the request makes reference to a file that does not
exist, a ”file not found” message is returned.

2.2. Managing the dataset

The collected audio files as well as all the different analysis
outputs are assembled into a dedicated dataset. So as to build on
current routines in our team, we build on standards and a server
that we have described elsewhere [10]. In a nutshell, the dataset

is organized using a specific set of standards, which allows
us to employ functions that we have used in other work. The
database thus organized is archived in a scientific data hosting
platform which ensures 1) appropriate handling of sound files,
2) versioning via git, 3) availability to authorized collaborators,
and 4) a robust longer-term storing solution. Other users may
prefer to spend effort to skip this step altogether, if they are
only focused on providing feedback, and do not want a full
copy of the dataset accessible for additional scientific analyses.
Setting up the initial dataset is made easier by a script made
available generating the required structure if it does not already
exist. The addition of new audio files to the dataset is done
by another script. We made the decision to rely only on
information that came with the file itself, so as to avoid having
too much personal information about participants and handling
metadata files that could be inconsistent. Our solution was to
require users to name files with the following pattern. “CHILD-
ID [info1 info2 ... infoX] YYYYMMDD HHMMSS.xxx”
where:

• CHILD-ID is a unique identifier for a specific child, allowing
the pipeline to track the evolution for each child.

• Info1 / info2 / infoX are relevant information to be kept along
the audio file, the pipeline will not use those fields, but they
will be integrated into the metadata.

• YYYYMMDD the date the audio file was recorded on, e.g.
20230131 for Jan 31st 2023

• HHMMSS the hour, in a 24h format, the audio file started at,
e.g. 235712 for 23h57’12”

• .xxx the file format

Using this pattern, the script attempts to index in the metadata
of the dataset the newly detected audio files in the “record-
ings/raw” folder.

2.3. Automated analysis

In this part, we describe the infrastructure behind the daily auto-
mated running of the computation as well as the actual software
used to analyze and extract exploitable information from audio
files.

2.3.1. Daily running of the computation

We want to provide feedback to the families within a reasonable
timeframe while maintaining the overall cost low. We must also
make sure that a computation has enough time to complete be-
fore the next one is called. In that context, the best compromise
was to run a full computation every 24 hours. Other projects
with different constraints may want to change that delay to be
longer or shorter depending on their use case. We also consid-
ered triggering the computation for every upload received but
this would cause significant risks to have simultaneous modifi-
cation of a dataset which will cause editing conflicts that can-
not be resolved automatically. The computation environment is
a Virtual Machine (VM) hosted on the Amazon EC2 service.
That environment is independent from our local infrastructure
and as such, does not require as much work to set up and main-
tain, so it has an overall lower cost. It is also an easily scalable
solution if more computation power is needed to handle more
audio files. From one of the default VMs provided by AWS, we
built a custom VM machine image (designated as AMi in AWS)
integrating the necessary software and authorization keys nec-
essary to download and modify the dataset. This way, at launch,
the VM does not need to reinstall anything and is already ready
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to run the analysis. To launch the computation, the Amazon
EventBridge service is issuing a trigger every day at 0:05 local
time of the intervention area. The 5 minute delay is intended
to leave enough time for an upload started before 0:00 to fully
complete. A lambda function then starts an instance of the cus-
tom VM image that will run the actual analysis. The different
components called for a computation run are described in Fig-
ure 4.

2.3.2. Deriving other annotations

From the baseline of annotations we obtain thanks to the mod-
els mentioned above, we are able to extract additional derived
annotations. In our use case, we want to extract the following
information:

1. Acoustic: we extract acoustic features such as the median
pitch of the audio for each vocalization identified by VTC.

2. Conversations: we connect VTC vocalizations together to as-
sert the presence of conversations in the audio. This gives
us information on turn taking and number of interactions in
conversations for example. The connection of vocalizations
is conducted by an open-source package (REF) that is highly
configurable.

These derived annotations are integrated in the dataset. Other
kinds of derived annotations that one’s would deem relevant to
have would easily be added to this list by providing and linking
to the project the python code carrying out the derivation.

2.3.3. Computing metrics

The computation of metrics is a built-in function of the package
we use to organize our dataset. It allows the extraction of a list
of usable values from the huge amount of information contained
inside the complete annotations. We have already defined many
likely useful metrics (e.g. average duration of child vocaliza-
tions), and future users would be able to adapt these routines
to other calculations they would need. The pipeline extracts all
of our standard metrics for VTC, ALICE and VCM (listed here
REF) as well as additional metrics based on the derived anno-
tations, for example the average pitch of each speaker category
and the number of turn transitions. Those metrics are calculated
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at the level of the recording, meaning that every new integrated
audio file will have a specific set of metrics with values coming
only from that file. This extracted metric information is saved
and uploaded in the dataset.

2.3.4. Generating the content of personalized messages

Another feature of our system again reflected the use case that
this solution was developed for. Given that the intervention
aims to enable caregivers to change the way they talk to their
children, it was decided that the messages generated would re-
flect the evolution measured in the different metrics for a spe-
cific child, rather than just the current metrics. This evolution
measure is obtained by comparing, for each child, the metrics
of the last audio received to the metrics of the previous audio.
For each metric, we record a positive evolution if the value has
grown and negative otherwise. In addition, since we planned
on providing this as feedback in a simple message to parents,
we did not want to overload them with information by telling
them about all changes. Instead, only a subset of the extracted
metrics that was chosen to best capture caregiver-child interac-
tion is considered, taking also into account the aspects of such
interactions that are discussed in the information provided to
families as part of the intervention. The pipeline uses the evolu-
tion measure along with a file defining the content and structure
to use in order to create the final messages. The messages are
highly customisable by defining into the description file:
• Each metric label that should be taken into account in the

generation and for each of them two sentences, one for when
the metric has recorded a positive evolution and one for a
negative evolution.

• Templates of message to use depending on the evolution mea-
sured on all metrics.

• Fixed sentences that can be reused in the templates without
any modification.

• Variable sentences that will evolve according to what stage of
the intervention we are in.

The steps of generating a message and how the description file
is used are exemplified in Figure 5.

A new csv file containing all the messages for a specific day
is created and saved in the dataset. This file is also stored in the
Amazon S3 storage to make it downloadable with the API. The
computation run is considered completed after the save of the
messages file and the process can terminate.

A new CSV file containing all the messages for a specific
day is created and saved in the dataset. This file is also stored in



the Amazon S3 storage to make it downloadable with the API.
The computation run is considered completed after the save of
the messages file and the process can terminate.

3. Legality, ethics and security
Families agree to share their audios in the context of the ongo-
ing study. To set up the consent form, we consulted legislation
in Uruguay [11]. Uruguay’s data protection laws are extensive,
and current local recommendations are even more detailed than
those found in Europe. Uruguayan law gives their citizens a
right to know what data are being collected, for what purposes,
and who will have access to them. They similarly have rights of
accessing, rectifying, and requiring the deletion of those data.
However, they have more rights than Europeans in that they
have the right to be told what metrics or parameters are be-
ing used for algorithmic-based decisions on anything that has
consequences for their wellbeing or economic outcomes. Pre-
sumably, this regulation was put in place in the context of e.g.,
authorizing a loan or calculating health primes, but we believe
it is also relevant in the case of the current study, since at least
based on current data, these interventions can have positive im-
pacts on the children’s academic outcomes.

The team complies with obligations regarding right of in-
formation, rectification, etc., by keeping a record that relates
the family’s identity to the audios. Thus, if a family decides
to withdraw, their data can be safely removed from the system.
We reduce risk by making sure that only the Uruguayan col-
laborators have access to the file linking phone numbers and
individual identities. We comply with the obligation of inform-
ing them about which parameters are extracted from their data
by aligning the metrics we select to provide feedback on with
the content of the parental training. For instance, some of the
weeks focus on using Parentese, and in those weeks, our metrics
provide feedback on the pitch parents used.

In addition to complying with legal requirements, we also
took into account additional ethical dimensions. Although we
set up our system such that we do not have access to the child’s
or parents’ names or other textual identifying information, the
audios contain voices of family members, and voice constitutes
biometric data according to most definitions of biometric. For
instance, if a family posted videos of themselves on Youtube or
Facebook, a third party gaining access to the audios could cross
the two sources in order to identify the family. They could also
run analyses on the audios to find evidence of health markers
(e.g., using the audio to check for potential depression). Given
all of this, we treat these audios as sensitive identifying data.

The audio transfer between the family and the chatbot is
encrypted end to end thanks to WhatsApp algorithms. IS
THE AUDIO TRANSMITTED TO US ENCRYPTED? WHAT
OTHER MEASURES HAVE WE PUT IN PLACE TO PRO-
TECT FAMILIES?

From both the legal and ethical standpoint, it is important
to use these data for the original, restricted purpose for which
they were collected. Audios are archived solely with the pur-
pose of evaluating and potentially improving our automated al-
gorithms. We specifically intend not to use these audios for un-
related purposes, such as developing algorithms to measure de-
pression or other dimensions that could be represented in them.
We have not specified a time after which they will be deleted, as
at present speech technology tools in this domain are progress-
ing relatively slowly, and thus we cannot foresee when technol-
ogy will be good enough to warrant a shorter time cycle.

4. Estimation of the resources necessary
In this section, we attempt to provide readers with an idea of
what resources they need to replicate our system. The entire
pipeline encapsulates a lot of different technologies (AWS, API
REST with http, python pandas, git, datalad, linux bash, ssh
keys) that interact together. A slight misconfiguration can eas-
ily lead to a failure of the entire process. For this reason, a cer-
tain level of expertise in software development and/or computer
coding is required. While it is not necessary to master all of
those technologies, a solid understanding of the way they work
and interact together (or a good deal of patience and experience
debugging) is required to both set things up for a new AWS
account and fix errors in the pipeline that may emerge when
setting things up de novo. We may also be overly conservative:
We would be grateful if readers of this manuscript share their
experience trying to replicate this system, which would allow
us to provide a more accurate estimate of the level of expertise
required.

The amount of time to dedicate to run the pipeline will de-
pend on the knowledge and number of people involved. For in-
stance, it took two people contributing an estimated XX hours
total to craft the system we currently have; presumably, it
should take less than that to simply replicate it. In contrast,
maintaining the pipeline during the intervention will require lit-
tle investment. For the most part, the pipeline will run on its
own. In our case, since we moved to production, it took one
person less than 10 hours to deal with unanticipated issues dur-
ing the first month of the intervention.

Regarding the cost of the processing, the only paying com-
ponent is Amazon AWS and more specifically the usage of the
Virtual Machine taking care of the processing. There are a lot of
different plans on Amazon offering different levels of process-
ing power and processing time for varying prices. We estimate
that taking a suitable plan for the amount of audio to process
and using a daily computation will cost around 0.20 US$ per
hour of audio analyzed.

5. Conclusions
In this report, we describe how we set up a system that ana-
lyzes audios of conversations and returns information based on
metrics that are automatically computed. We hope this descrip-
tion and the open-source software on which we build will prove
useful to readers.
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