
Building ethograms 
for interpreting research  

—A technical report

1. Introduction 
Analyzing human behavior is a powerful and arguably essential means of 
studying minds engaged in multilectal mediated communicative inter-
actions. Human communication engages multiple sensory and cognitive 
systems, making it highly unlikely for any single indicator to support a 
comprehensive understanding of behavior in these scenarios. To address 
this complexity, researchers increasingly rely on multimodal analyses that 
integrate visual, auditory, and physiological data streams. These approaches 
allow for a richer understanding of human communication by capturing its 
inherent multimodality.

To account for this complexity, cognitive translation and interpret-
ing studies (CTIS) have broadened their observational scope to generate 
diverse multimodal datasets that go beyond oral and written records. This 
shift is motivated by at least two key factors. First, language itself is inher-
ently multimodal and becomes even more so when used (Kokkola & Ketola 
2015; Seeber 2017; Chmiel et al. 2020; Halverson & Muñoz 2020; Doherty 
2021). Second, interpreting is characterized by its multitasking demands and 
constant cognitive shifts. To better understand these demands, researchers 
have adopted multimodal approaches that capture the complexity of in-
terpreting behaviors. 

However, and despite the growing sophistication of multimodal 
methodologies in CTIS, behavioral studies often lack transparency in how 
multimodal data is aligned. While many researchers gather data through 
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audio, video, and screen recording, few explicitly document their alignment 
processes, which complicates replication and critical analysis. Aligning mul-
timodal data still requires labor-intensive manual techniques that demand 
significant time and expertise.

This report focuses on the data cleaning process and its further elab-
oration to illustrate practical methods for aligning multimodal data in nat-
uralistic interpreting environments. The process will be exemplified with 
my dissertation. While my study was exploratory in nature and limited in 
generalizability, the alignment approaches presented here that were devel-
oped for it have broader implications, particularly for remote data collection 
settings. By aligning multimodal data effectively, researchers can support 
more rigorous, ecologically valid research in CTIS.

Data alignment in this report involves results from data collection 
methods such as speech recording, screen recording, and keylogging. These 
methods are widely used due to their ease of implementation and unobtru-
sive nature (Ahrens & Janikowski 2025; Muñoz & Rojo 2025; Enríquez et al. 
2025). However, despite their popularity in empirical interpreting studies, 
clear guidance on how to align these diverse data streams remains largely 
absent from the literature, with only occasional references and few exam-
ples. This report aims to address this gap by exploring how to align data 
across different devices and even across time zones at both the individual 
and group levels. Eyetracking is not included in this report.  Eyetracking has 
indeed proven to be an excellent tool in research domains such as reading 
and usability, even though the link between eye movement and cognition 
is not always as straightforward as the eye-mind hypothesis might suggest 
(Walker et al. 2025). Furthermore, in interpreting it requires substantial ef-
fort to integrate it into empirical studies (Hooge et al. 2025; Niehorster et 
al. 2025), especially those concerned with naturalistic conditions. It is thus 
excluded from this technical report, but aligning eyetracking data will follow 
the same patterns and readers may extend these guidelines to it too.

2. General considerations before aligning data 
This section includes a few general considerations that would help you pre-
pare before embarking in full-scale data alignment. These include under-
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standing when to rely on temporal information and chronological order, 
and when it may be appropriate to depart from them. You should read and 
familiarize yourself with your data, choose the right tools for alignment, 
and test your workflow on a small dataset first. 

2.1 Considering aligning data through timestamp
Some studies successfully employ measures based on a single data source—
e.g., keylogging in Van Waes et al. (2021) and screen-recording in Angelone 
(2021)—as they are sufficient to shed light on specific research questions. Yet, 
often in interpreting research cross-referencing or triangulating two or more 
multimodal data sources provide contextually rich information to compare 
and validate hypotheses. Speech recordings capture both source-speech and 
interpreter output, often in timestamped verbatim transcripts—that is, they 
include language and temporal information, contributing to interpreting 
research corpora (Aston 2018; Wehrmeyer 2019). When combined with 
screen recordings, keylogging data offers comprehensive data that helps 
profile interpreters’ behaviors and responses in context. Such multimodal 
combination is common in written communication research (for instance, 
Leijten & Van Waes 2013; Wang 2022), but rare in interpreting research.

Despite their different natures, these data streams share a crucial 
common feature, namely temporal information. Audio transcripts can be 
timestamped, screen recordings align with video time, and keylogging nat-
urally tracks keystroke timing. This temporal element allows all data types 
to be synchronized along a unified timeline, making time a central refer-
ence point for data analysis. Your alignment methods should be shaped by 
your research question. In some cases, alignment may focus on comments 
or qualitative data. In others, it may be based on quantitative elements like 
time codes, source-speech excerpts, or pauses in the interaction. Here we 
use chronological order, which means organizing multimodal data by time. 
Time-based alignment, common in CTIS, may reveal potential patterns 
in informant behavior and communication. However, the approach is not 
one-size-fits-all. Research methods should be considered and adapted to the 
specific context of the study. The goal of this paper is to support researchers 
who are interested in aligning quantitative multimodal data by offering a 
flexible framework—not to promote a single solution for everyone.
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Multimodal data can be converted into written formats (such as tran-
scripts from speech recordings) and organized chronologically, enabling 
researchers to observe consistent reactions among informants over tasks. 
This approach is particularly useful for investigating how people respond to 
identical actions or stimuli across multiple data modalities (Borg et al. 2025). 
We will call this combined and time-aligned record of at least three sources 
of behavioral data from different modes an ethogram. The term is borrowed 
from zoology, where Huxley (1914) coined it to refer to a comprehensive 
catalog or inventory of all the behaviors or actions exhibited by an animal 
species, typically recorded in a systematic way during observational studies. 
Here it is meant to underscore the combination of heterogeneous sources 
and the inherent interdisciplinarity of the approach. It also seeks to remind 
readers that an ethogram merely aims to capture (complex, communicative) 
behavior and that cognition still needs to be inferred. 

2.2 Anonymizing data sets
Data anonymization is often carried out before data cleaning, in line with 
the requirements from institutional ethics committees or relevant regula-
tions such as the General Data Protection Regulation (GDPR). Anonymizing 
data protects and ensures informant privacy and is a crucial step in prepar-
ing data for analysis. In addition to anonymization, data backup is another 
important aspect of data management. A careful data management plan 
should include backing up the original and version control of the data. This 
allows you to recover your work if something goes wrong or if alignment 
mistakes occur. Backups can be stored locally or in secure private storage 
that is easily and permanently accessible.

2.3 Getting to know your data and tools
Deciding on the order of alignment and the choice of applications to build 
it are crucial steps before you begin your work. Take time to familiarize 
yourself with the data—just look through your sources, whether they con-
sist of documents, speech recordings, video, screen recordings, or a com-
bination thereof. Listen or watch audio and video clips. Let the data inspire 
you and remember that our task is to create information out of data but 
also that what counts as data depends on how we perceive and frame the 
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world—that is, the initial and apparently messy data is already filtered by 
our theoretical lens.

Understanding the data formats also helps you select appropriate tools 
and develop effective alignment methods. For instance, screen recordings 
frequently capture both the source audio and the informant’s voice (i.e., the 
interpreters’ renderings), making them a primary resource for alignment, as 
both streams are synchronized on the same timeline. To refine the timing—
such as adjusting the position of the source-speech soundtrack—research-
ers should use a video editor that allows precise, frame-level manipulation. 
While many video editors support such capabilities (see Ahrens & Janikowski 
2025, 195 for an overview of speech recording applications), Adobe Premiere 
Pro often stands out as a good option.1 Although it is a subscription-based 
tool, it provides an intuitive interface with features like drag-and-drop 
soundtrack positioning, zoomable waveforms, and fine-grained control 
over both audio and video timelines—making it well-suited for research 
requiring millisecond-level precision. ELAN is a powerful free alternative to 
Adobe Premiere Pro.2 Originally designed for linguistic annotation, ELAN 
supports high-precision timing, multi-tier annotations, and synchronized 
audio-video playback, making it a valuable tool for detailed alignment tasks 
in interpreting research. 

Another key application we need is a speech-to-text tool for tran-
scribing recordings. Instead of relying on manual verbatim transcription, 
you can choose from a wide range of automatic speech recognition (ASR) 
tools, such as Microsoft Stream (MS Stream), OpenAI Whisper, and IBM 
Watson Speech to Text. Among these, open-source OpenAI Whisper stands 
out for its high transcription accuracy and multilingual support—though it 
requires some technical setup unless used with a GUI wrapper like Whisper 
Web.3 IBM Watson offers cloud-based services with customizable models, 
but its free tier is limited. MS Stream is particularly useful for its interac-
tive features: users can not only view and edit transcripts directly but also 

1  Adobe Premiere Pro: https://www.adobe.com/products/premiere.html
2  ELAN: https://archive.mpi.nl/tla/elan
3  Whisper Web: https://huggingface.co/spaces/Xenova/whisper-web
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click on individual transcript segments to replay the corresponding audio, 
facilitating the detection and correction of speech-to-text errors. Moreover, 
the platform offers timestamp precision down to the millisecond, making 
it suitable for research tasks that require detailed alignment. More on tran-
scription tools in Ahrens & Janikowski (2025, 198). 

2.4 Trial alignment on a sample dataset
Before starting the full data alignment process, see if it is possible to carry 
out the full data cleaning and alignment process on-site on a sample dataset 
to test whether your alignment method works, whether the tools perform 
as expected, and whether the results are up to your expectations. It is not a 
pilot test, because you can go back to square one as many times as you need 
(as long as you did backup your data!). Think of it as a practice run, like pre-
paring a recipe by mixing all the ingredients in a small batch to see how it 
turns out. Try to imagine each step of the process, consider what could go 
wrong, and ask yourself if there is a backup plan for each part. 

3 Mapping audio to video data 
In interpreting research, audio data often registers either the source-speech 
soundtrack or informants’ interpreting renderings. Here, video data refers 
to screen records capturing informants’ on-screen activities, both image 
and sound. Mapping the source-speech soundtrack directly onto the screen 
recording is a more integrated and efficient approach than using separate 
applications to handle audio and video files. Screen recording applications 
generally capture users’ voice output (i.e., the interpreters’ renderings), 
so aligning the source-speech soundtrack to the screen recording simul-
taneously aligns it with the interpreters’ renderings, ensuring all audio-
visual elements share the same temporal framework and scale. In other 
words, this method leverages the screen recording’s capture of the original 
source-speech playback interface, allowing for mapping when importing 
the source-speech soundtrack. This alignment is essential and should be 
the first step in data cleaning, as it establishes the foundation for subsequent 
alignment processes described below. 
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This method offers some advantages—particularly, when compared 
to other multimodal alignment methods that we will later address—because 
it is relatively easy to implement and complete. Using a video editing tool 
like Adobe Premiere Pro, you can import both the screen recording video 
and the source-speech soundtrack, then zoom in on the video timeline to 
the millisecond level, frame-to-frame. This level of precision mitigates the 
human error for accurate mapping between the source-speech soundtrack 
and visual cues in the recording. For example, you can identify the single 
video frame when the informant clicks to play the source speech and use 
it to synchronize the corresponding source-speech track (see Figure 1 for 
example). This process helps minimize human error in approximately lo-
cating the precise start point of the imported soundtrack.

Figure 1. Importing video and audio into a video editing tool.

The above method may not be feasible in all scenarios. One common 
limitation arises when the click-and-play interaction with the web-based 
source speech player is not captured in the screen recording. This might 
occur if the informant began the screen recording after source file playback 
already started in applications like MS Stream, or if the click was simply not 
visible due to task-focused behavior. In such cases, alternative validation 
methods can be employed to achieve the same goal. You can listen to the 
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screen recording (i.e., the voice-over SI output audio) to pinpoint a sound 
of a distinct word from the source speech at its onset timestamp. You can 
then use this word as a new anchor point, aligning it with the corresponding 
moment in the source-speech soundtrack in Adobe Premiere Pro. Anoth-
er option is to identify signal sounds (e.g., the ending signal sound of the 
source speech) within the individual screen recording. Once these points are 
located, they are mapped to their respective positions in the source-speech 
soundtrack using Adobe Premiere Pro. 

Table 1. Calibration for precise alignment of source speech and screen  
recordings.

method reference 
points

steps when to use

visual 
observation

timestamp 
when informant 
clicks to play 
source speech

Identify click-and-play action 
visually. Frame-by-frame 
inspection in Adobe Premiere 
Pro. Precisely mark timestamp/
frame as anchor point.

click-and-play action is 
visible in screen recording.

auditory 
references

distinct word 
from source 
speech heard 
in screen 
recording

Listen to screen recording to 
identify onset of a distinctive 
word. Mark timestamp of this 
word as reference point. Align 
with source-speech audio in 
Adobe Premiere Pro.

visual click-and-play action 
isn’t visible; distinct words 
from source speech are 
audible in recording.

signal 
references

signal sounds 
(e.g., ending 
signal of 
source speech)

Locate specific auditory 
signals (e.g., ending sounds) in 
recording. Mark these signals as 
anchor points. Align with source-
speech audio in Adobe Premiere 
Pro.

visual click-and-play action 
isn’t visible; clear signal 
sounds from source speech 
are audible.

The choice among the three alignment methods (Table 1) depends on 
each informant’s specific scenarios. Once aligned, these elements share the 
same timeline, resulting in transcripts with streamlined, consistent times-
tamps. The screen recording video can now be exported separately, with in-
dividual interpreter’s renderings and source-speech soundtrack maintaining 
timeline references shared across the sample. Video files (or those convert-
ed to audio) can be easily transcribed using automatic speech recognition 
software and platform. After processing, you obtain four perfectly aligned 
data streams (i.e., source-speech sound, screen recording, their transcripts). 
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4. Align keylogging with screen recording data
Keylogging is an unobtrusive data collection method that allows observing 
user behavior without interferences (Muñoz et al. 2025). Keyloggers regis-
ter actions at the mouse and keyboard, including reactions to stimuli, with 
millisecond accuracy, helping to measure response times on the computer. 
In the last decades, it has been increasingly adopted in writing studies and 
in CTIS as well (e.g., Lindgren & Sullivan 2019 for writing research and 
Muñoz & Apfelthaler 2022 in translation research). Software repositories 
like GitHub offer a wide range of open-source keyloggers.  Selecting the 
appropriate keylogger depends largely on your research goals—whether 
it involves capturing just key-down events or both key-down and key-up 
events (which combined are often referred to as keystrokes), the later widely 
accepted in human-computer interaction (HCI) research (e.g., Messerman et 
al. 2011 and Katerina & Nicolaos 2018) Two important factors when choos-
ing a keylogger are cross-platform compatibility and timestamp precision. 
Using different keyloggers on Windows and macOS, for instance, may result 
in inconsistencies in data (i.e., timestamps). For HCI studies, a timestamp 
resolution at the millisecond level is often considered best, so it is essential 
to verify that the selected tool supports this level of precision.

When research involves informants across different geographical 
locations and time zones, it becomes equally important to adopt a stand-
ardized time registry format. In such cases, Unix time or Epoch time is highly 
recommended. This system represents time as the number of seconds (and 
optionally milliseconds) elapsed since January 1, 1970, at 00:00:00 UTC, 
excluding leap seconds. Unix time is widely supported across operating 
systems, file systems, and programming languages, making it especially 
suitable for remote data collection. Whenever possible, Unix time should be 
used throughout the data collection process, with conversions to standard 
human-readable time formats (hours, minutes, seconds, milliseconds) re-
served for the final stages of analysis. For my dissertation’s research project, 
I used the pynput library, which is compatible across both Windows and 
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macOS and records timestamps using the Unix time format, which are not 
featured by Inputlog and Translog.4

The chronological sequence of keypresses registered by keyloggers is 
a great advantage but is also limited, because we do not really know how in-
formation is processed after receiving stimuli. To do so, we need contextual 
information, and a new way to add it is aligning keystroke data with screen 
recording. Screen data can make up for this blind spot by providing context, 
so we need to align these two data sources. The screen recording data has 
already been processed in the previous alignment but, before we proceed 
to the new alignment, we still need to clean the keylogged data. Identify and 
remove irrelevant keystroke records, particularly the spans recorded before 
and after the relevant study period. Finally, verify the remaining data before 
importing it for alignment.

Keyloggers like pynput generate keystroke data that displays indi-
vidual keystrokes in chronological order, each with a Unix timestamp. The 
principle here is to convert these timestamps into a format that aligns with 
the screen recording’s timeline. First, the keystroke data is imported into a 
spreadsheet. This is what happens in Column F in Figure 2 with the Unix 
timestamps placed in Column B. These timestamps are then converted into 
human-readable datetime format (hours, minutes, seconds, milliseconds) 
using Excel formulas—see Column C for this converted format. You can 
find the conversion formula in the Zenodo repository.5

The screen recording is then imported into a software application 
supporting video import and frame-level zooming, such as Adobe Pre-
miere Pro or Adobe Audition. This feature allows researchers to pinpoint 
the exact video frame at which a character appears or a deletion event (e.g., 
a backspace) occurs as a result of a keystroke. This visible change on screen 
acts as a reference point. For instance, if a character is seen to be deleted at 
video time 00:00:27.447 (cell D2 in Figure 2), it can be aligned with the cor-

4  pynput: https://pypi.org/project/pynput/ 
Inputlog: https://www.inputlog.net/ 
Translog: https://sites.google.com/site/centretranslationinnovation/translog-ii
5  Conversion steps and formula: https://zenodo.org/records/10520445
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responding key.backspace in cell F2, with its Unix timestamp in cell B2 and 
converted date time in cell C2).

Figure 2. Screenshot of conversion table from Unix time to chrono time by IKIs.

Inter-keystroke intervals (IKIs) represent the time elapsed between 
successive keystrokes (e.g., the timespan differences between cells C3 ↔ C2 
and D2 ↔ D3). The same time interval can be applied to the video timeline: 
for instance, D3 = D2 + (C3 - C2), where Column D stores the aligned video 
timestamps for each keystroke. Once this initial reference point is manually 
established, we can use IKIs to synchronize the remaining keystrokes.  This 
formula can then be autofitted down Column D to compute the precise vid-
eo time for the entire sequence of keystrokes in the format hh:mm:ss.000. 
To facilitate further numerical calculations, the video time in Column D can 
be converted into chrono time in seconds (e.g., 27.447 in cell E2) by using 
the formula =D2*86400 in Column E. Please note that, for the formulas to 
function correctly, all values in Columns C and D need to be properly set as 
time values, not plain text, as cell properties in the spreadsheet.

This approach focuses on individual keystrokes rather than word-level 
analysis, generating fully synchronized timestamps that accurately align 
keystroke data with the screen recording and creating a unified temporal 
framework for both data streams.
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5. Align problem triggers in the audio with  
keylogged data 
The previous section §4 focused on character-level alignment, but we can 
apply similar approaches for word-level analysis. In CTIS, researchers often 
assess interpreters’ accuracy in rendering specific terms, particularly exam-
ining accurate rates and error frequencies when potential problem triggers 
(e.g., technical terms, entities, and numbers) are interspersed in the source 
speech (Mankauskienė 2016; Frittella 2022; Prandi 2023). These problem 
triggers in the source speech can be aligned to interpreters’ keystroke logs, 
enabling the analysis of interpreter reactions during term consultation or 
information seeking activities on the screen. The primary challenge lies in 
accounting for temporal variations across informants, as each informant 
may, as in my sample, remotely begin playback of the source speech at 
different times. Efficient word level alignment is feasible with the follow-
ing methods. First, potential problem triggers are identified in the source-
speech transcript. Second, interpreters’ records are checked to spot the 
corresponding renditions.

Since in many cases the original source-speech soundtrack is the same 
for all informants, we can use the onset and offset times from the original 
source speech as a master reference. That is, there is no need to repeatedly 
identify the onset and offset times of problem triggers for each interpreter’s 
individual aligned source speech. Similar to the IKI method for keystroke 
alignment, these time spans can be used to calculate problem trigger posi-
tions in each interpreter’s timeline. After completing the initial alignment 
of source speech with screen recordings, researchers use the source-speech 
transcript to identify onset and offset timestamps for each problem trig-
ger. This can be done with Adobe Audition 2024, due to its capabilities in 
multi-track recording and millisecond-level zooming. Here Audition is 
preferred to Premiere because this mapping task does not require adjusting 
soundtrack locations; Audition’s zoom capability is ideal for millisecond 
precision, though similar tools enabling detailed audio visualization would 
also be suitable.
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Figure 3. Partial alignment list showing timestamps using in a spreadsheet.

The process consists of the following steps:
1.	 Import the screen recording video with the aligned source-speech 

soundtrack into Adobe Audition.
2.	 Use a spreadsheet containing all problem triggers, zoom in on the source 

track to mark the first term with precise onset and offset timestamps 
within the video timeline.

3.	 Check the master reference of onset and offset times for all problem 
triggers from the original source-speech soundtrack.

4.	 Compare these to the marked onset and offset times of the first trigger 
in the aligned track.

5.	 Use the identified time difference, calculate timestamps for the remain-
ing problem triggers, which is similar to the inter-key-interval method 
used for keystroke timing.
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This process enables precise timestamp calculations in a spreadsheet, 
accurately aligning all triggers with the video timeline (see Figure 3). Then, 
manually check the corresponding positions in informants’ interpreting 
rendering transcripts to identify how each problem trigger was rendered. 

6. Chunk-level alignment 
Word-level alignment (e.g., identifying potential problems) provided a 
benchmark for examining informants’ interpreting accuracy. Yet, in prac-
tice, interpreters deal with information units larger than single words. To 
better capture this, we borrow the concept of chunks from psychology (e.g., 
Cowan 2005). Here chunks are both temporary memory containers that 
allow combining smaller pieces of information into larger structures and 
the result of segmenting incoming information into manageable units (cf. 
Muñoz & Cardona 2018, 531–32). The perspective depends on the research 
needs and, when applied to interpreting studies, chunking mostly refers to 
the way interpreters segment the input into smaller fragments that can be 
encoded without waiting for an entire sentence to unfold (Seeber 2011, 194). 

Chunk-based analysis in interpreting studies enables to explore cog-
nitive dynamics and measure metrics like ear-voice span (Mizuno 2017; 
Chmiel et al. 2023; Shao & Defrancq 2024; Chmiel et al. 2024), speech 
production and perception (Christodoulides 2016), delivery rate of source 
speech (Korpal & Stachowiak-Szymczak 2020), task complexity and direc-
tionality (Huang et al. 2023), and working memory (Shao & Defrancq 2024). 
These studies have generally compared two critical elements in terms of 
chunks: the segmentation of the source speech and the corresponding in-
formant transcripts.

From the alignment process described in §3, screen recordings with 
both source-speech soundtracks and interpreting rendering outputs have 
been processed, each with an associated transcript. If you used automatic 
transcription tools, you need to manually correct errors in both the source 
speech and interpreting renderings transcripts. Once the corrections are 
made, the transcripts should be segmented into corresponding units, re-
sulting in chunked versions of both the source speech and the interpreting 
renderings with their timestamps (hours: minutes: seconds.000). Depending 



Building ethograms for interpreting research —A technical report
Du Zhiqiang

MeTI: Methods in Translation and Interpreting, 2026, n. 0

NEW VOICES 199

on your goals, you may need to list onset and offset times for each chunk. 
This prepares the data for precise chunk-level alignment.

Both transcripts originate from the same screen recording video, 
so there is no challenge in aligning them based on time. Nevertheless, the 
source speech is embedded within individual screen recordings. Hence, if 
informants play the source speech themselves while recording their screens, 
there will be variations in the timestamps across different informants’ re-
cordings. We can adjust this with an approach similar to the one described 
in §4. It involves using the first timestamp in the speech soundtrack as the 
reference point and locating the same point in the individual source speech 
transcript timeline (for instance, in Figure 4, Cell B2 in numerical value 
after converting to numerical format in video timeline). By using time in-
tervals similar to inter-keystroke intervals (IKIs), the spreadsheet can autofit 
the remaining cells in Column B for chunk onset times and Column D for 
chunk offset times in the source speech. However, the timestamps (onset 
and offset) for corresponding chunks in the interpreting renderings require 
manual checking using audio editors such as Audition 2024.

Figure 4. Screenshot of chunks alignment in a spreadsheet.

Since chunks from the source speech soundtrack serve as identical 
stimuli for each informant, the approach described above facilitates the 
analysis of differences in how informants process these stimuli, including 
analyses of HCI searches at different task stages (frequency, distribution, and 
rate) and of the number of dropped chunks across groups.
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To synchronize unmatching timelines among informants, you can 
use universal time (see Figure 5). Two reference points are identified: Point 
A, marking the first timestamp of the source-speech soundtrack, and Point 
B, representing the zero time at the start of the individual screen recording 
video. By calculating the time difference between Points A and B, you can 
create a standardized reference frame. This allows you to recalculate the 
timestamp of any event on an individual video timeline by subtracting this 
time difference, resulting in a new virtual timestamp that effectively removes 
the varied starting portions. This approach ensures that all informants’ 
screen recordings with SI output soundtracks are synchronized from the 
same onset point, regardless of the moment when each one individually 
began their interpreting process.

Figure 5. Universal time alignment for multiple informants.
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7. Further actions: beyond alignment 
Although multimodal data processing involves time-intensive work, align-
ment is merely the first foundational step toward further processing, such 
as annotation. After successful alignment, you obtain a master spreadsheet, 
the ethogram, showing the chronological order of events including source-
speech transcripts, interpreting output transcripts, and keystroke logs. 
Rather than combining these into a single scheme, you should keep your 
ethogram as your primary reference source. From this aligned dataset, you 
can extract sub-classified data according to your research interests, either as 
independent spreadsheets or grouped together. These targeted extracts may 
include, for instance, chunk-based ear-to-key span measurements, numbers 
of dropped chunks, or accuracy rates of problem triggers—all derived di-
rectly from the aligned data.

Figure 6. Layers for coding indicators in Audacity.

Processing aligned audio data requires further steps. For example, you 
can import the source-speech soundtrack into audio editors like Audacity 
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and add the individual interpreting output as an extra soundtrack layer.6 
This enriched ethogram allows you to annotate fluency indicators, for in-
stance, false starts, corrections, fillers, and repetitions, as illustrated in Figure 
6. Detailed steps for annotation can be found in Du (2024).

I acknowledge that substantial human correction and review are re-
quired during the alignment process, even before undertaking alignment, 
which demands additional steps for data cleaning. Currently, there appears 
to be no verified shortcut for this challenge. While AI might help with cer-
tain aspects of processing, it is not particularly effective for alignment tasks 
involving audio data displayed in waveform format. Besides, AI may acceler-
ate workflow in the annotation phase through machine learning-supported 
platforms such as Label Studio, Dataturks, and BRAT Rapid.7 These tools 
require pre-trained datasets—in other words, you need good, labeled data 
to train the platform on pattern recognition before applying these rules to 
larger multimodal datasets.

8. Conclusion
This technical report presented a cognitive-situated approach (Robbins & 
Aydede 2009) to aligning multimodal data for researching aspects of mul-
tilectal mediated communication.

This human-centric orientation recognizes the informant as an em-
bedded cognitive agent interacting dynamically with both physical and 
digital environments. Stimuli such as visual cues from on-screen activities 
and source-speech audios are not only informative by themselves: they 
also point to cognitive demands that may shape the interpreter’s process-
ing efforts strategy. These indicators are extracted from keylogging, screen 
recording, and speech recording, enabling cross-referencing and triangu-
lating representations of informants’ cognition activities and supporting the 

6   Audacity: https://www.audacityteam.org/
7   Label Studio: https://github.com/HumanSignal/label-studio#try-out-label-studio 
Dataturks: https://docs.dataturks.com/ 
Brad rapid:https://brat.nlplab.org/
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discussion of informants’ cognition in digitally embedded environments. 
In my case, a quantitative profiling of informants’ HCI behavior, using per-
formance metrics such as fluency and accuracy clusters (e.g., Plevoets & 
Defrancq, 2016), was integrated with a qualitative behavioral analysis. 

Interpreters do not process abstract codes. They process information 
from sound, visuals, and digital sources all at once, and cannot adjust what 
has been rendered (Zhang 2016). How interpreters handle different infor-
mation streams may contribute to revealing their underlying cognitive pro-
cesses, which are influenced by what they already know, how difficult the task 
is, and fluctuations in the cognitive demands informants may receive. This 
technical report aimed at better capturing the intertwined reality of inter-
preters’ work and to better support researchers who study challenging mul-
timodal, multilectal communication tasks like translation and interpreting.

The time and efforts devoted to implementing multimodal alignment 
are still burdensome and may contain human errors in most cases. A further 
aim is to explore streamlined and semi-automated alignment solutions, in-
tegrating keylogging, screen recording, audio capture, and eyetracking into 
single-platform environments.  However, we need to depart from good, cor-
rect training data sets, so these painful first steps are inevitable. Tailoring the 
alignment methods to specific research questions and individuals is essential, 
as is thorough documentation to ensure methodological transparency and 
reproducibility. These were the goals I tried to foster here.
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Abstract
By establishing precise temporal relationships across modalities, researchers can 
connect behavioral indicators with cognitive processes, revealing otherwise hidden 
patterns in interpreter performance. This paper presents a hands-on approach for 
aligning multimodal data in interpreting studies. It introduces four strategies for 
synchronizing audio, video, and keystroke data along a unified temporal framework: 
visual observation, auditory identification, signal sound recognition, and words and 
chunk levels. This human-centered approach envisions interpreters as cognitive 
agents interacting with physical and digital environments. Though time-intensive, 
these alignment protocols provide essential foundations for capturing interpreting’s 
multimodal nature and support more rigorous, ecologically valid research in cogni-
tive translation and interpreting studies.
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