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Abstract: For more than a decade, signed language linguists have employed the
free software ELAN to annotate manual and non-manual signs (NMSs)
(Wittenburg et al. 2006). In the past ten years, several studies have sought to
advance the automatic recognition of NMSs (Antonakos, Roussos, & Zafeiriou
2015; Bhuvan et al. 2016), including Hanada (2023), who proposes using the paid
software FaceReader for the automated recognition of facial expressions and
head movements. The present study aims to investigate whether manual
transcription of NMSs in ELAN is consistent with automated transcription in
FaceReader — that is, whether both transcriptions are equivalent and reliable. To
this end, the same signed data from Hanada (2024) were used to produce both
transcriptions, with ELAN labels matched to the Action Units (AUs) and head
positions coded by FaceReader. In total, 649 NMSs were manually transcribed in
ELAN, and 2,240 were automatically coded in FaceReader. The degree of
agreement and disagreement regarding whether a given NMS was marked as
active or inactive was then analyzed. The results show that the two tools agreed
in 48.03% of the data. The main discrepancies were due to: (1) variations in the
baseline used to define the participant’s neutral face in the human annotations,
which depended on what the annotator had recently perceived as neutral during
their analysis; (2) the fact that when two or more movements co-occurred, only
the most salient or intense one was annotated in ELAN; and (3) FaceReader is
not designed for linguistic analysis and annotates all detected facial movements,
including those that may not have a linguistic function, while also assigning a
degree of deviation to head positions even when the head is at rest. Thus,
although it can serve as a second annotator to support intercoder reliability (ICR)
in qualitative studies, it is not recommended to rely solely on FaceReader for
analyzing NMSs. The findings of this study highlight the advantages and
limitations of each transcription method and contribute to a better understanding
of which research contexts may benefit more from one type of annotation than
the other. Future research could examine how often related muscles co-occur and
how this affects the annotation of distinct NMS movements.
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1. Introduction. The articulators responsible for expressing information in a sign language
include not only manual signs, that is, two hands, but also non-manual signs (NMSs). In sign
language linguistics, the term “non-manual” was introduced to describe aspects of signing
that go beyond the actions of the hands, such as body movements and facial expressions
(Liddell 2003) - eyebrows, eyes, eyelids, nose, mouth, tongue, cheeks, chin, head, torso, and
shoulders. While the literature features numerous studies focusing on manual signs (Ann
2005; Eccarius & Brentari 2007; Henner et al. 2013), relatively few have addressed facial
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articulation (Wilbur & Patschke 1998; Boyes Braem & Sutton-Spence 2001) or head and
torso movements (Liddell 1986; Schalber 2006; Lackner 2015).

One primary reason NMSs have not been the central focus of signed linguistics research is
that manual signs are often treated as analogous to words in spoken language, serving as the
core conveyors of semantic content. A common misconception is that in spoken languages,
non-vocal information is entirely paralinguistic, that is, utilized only for emotional
expression. Even though Stokoe (2001) titled his book “Language in Hand,” he refused the
argument that limits sign language analysis strictly to the manual signs.

Instead of considering NMSs to play a mere complementary role or only add information to
manual signs, it is possible to argue that manual signs interoperate with motions of the face,
head, and torso. The paper by Baker (1976) about ASL was one of the first to acknowledge
this. It describes four non-manual channels used alongside manual signs: eyes, face, head,
and body. Baker and Padden (1978) introduced the “non-manual” terminology for the
identification of a set of NMSs. In their first attempt at description, they noticed variation in
the use of non-manuals among signers. They suggested, “it is the configuration or pattern of

co-occurring behaviors that serves a given function rather than any specific behavior” (Baker
& Padden 1978: 33).

Neither of these ideas considers that NMSs, beyond emotional expressions, can also have a
linguistic role (Baker & Padden 1978; Baker 1980; Bergman 1983; Liddell 1980; Pizzuto et
al. 1990; Sutton-Spence & Woll 1999). The limited analyses available on NMSs, such as
those by Baker and Padden (1978), Baker-Shenk (1983), and Liddell (1978, 1980), have not
typically examined these features independently. Coulter (1979) was a pioneering study that
addressed NMSs individually to understand their functions. Studies on American Sign
Language (ASL) have demonstrated that the head, body, and upper face can alter sentence
polarity, establish sentence types, mark topicalized signs, convey agreement, and accompany
various embedded clauses and person distinctions in pronouns (Pfau et al. 2010).

Building on this, Aarons (1994) identified that head and upper torso movements manifest
over the c-command domain of nodes. Bahan (1996) described the association among head
tilt, eye gaze, and phi-features in agreement-projection heads. Liddell (1986) linked head
thrust to conditional marking in ASL, while Wilbur (1994) demonstrated that eyeblinks are
sensitive to syntactic structure. Wilbur (2003) shows that NMSs can provide lexical or
morphemic information or indicate the end of phrases or phrasal extent. Wilcox S. and
Wilcox P. (2005) stated that NMSs would be like prosodic changes, such as voice qualities,
intonation, and rhythm in spoken languages. This is also assumed by Dachkovsky and
Sandler (2009), who argue that shoulders and torso movements represent intonation contour
and allow stress marking. According to Wilbur (2022), facial expressions and head
movements can also be used to mark intonational contour; for example, topics, negation, and
questions are marked by head movement; conditions, yes-no questions, and pronominal
references are marked by the eyes and eyebrows; evaluation is denoted by the nose.
Similarly, Nguyen and Ranganath (2008) claimed that in ASL, eyebrow, eye, and head
movements are responsible for marking wh-questions, yes-no questions, rhetorical questions,
topics, conditional clauses, relative clauses, and negation. Ladd (1996) emphasized the
intonational role of NMSs and noted that they also participate in the phonology of lexical
signs, marking adverbial and adjectival phrases (Anderson & Reilly 1998; Liddell 1980; Meir
& Sandler 2007), as well as iconic gestures and emotions. Body movements were observed to
play an important role in constructing action and to be a key strategy for the use of space in
signed discourse, coinciding with various discourse-level units (Boyes Braem 1999; Crasborn
& van der Kooij 2013; Engberg-Pedersen 1993; Hodge & Ferrara 2014; Wilbur & Patschke
1998).



In Brazilian Sign Language (Libras), NMSs have syntactic functions (Quadros & Karnopp
2004), such as agreement, emphasis, topicalization, and sentence modalities, like partial and
total interrogatives, as well as phonological functions, like lexical items, pronominal
reference, negative particles, affirmation, degree, and adverbial value. Additionally, Paiva et
al. (2018) cite the function of NMSs in meaning intensification. These findings, along with a
growing body of research, continue to link NMSs to grammatical structures and to different
subfields of Linguistics (phonology, phonetics, morphology, syntax, semantics, pragmatics,
discourse, prosody, etc.), highlighting their crucial role in signed languages.

2. Background. For more than a decade, linguists have employed the free software ELAN
for much of their video annotation (Wittenburg et al. 2006), as it enables researchers to link
annotations to audio-visual data in real time and add unlimited tiers (Crasborn & Sloetjes
2010), allowing precise frame-by-frame annotation and facilitating various types of analysis.
ELAN also allows the simultaneous visualization of multiple files within a single
transcription. This feature is particularly important for phonetic and prosodic analyses, as it
enables researchers to view the same realization from different camera perspectives. Another
advantage is the ability to align collected data with the stimuli that elicited it, facilitating
teamwork where multiple annotators, including those unfamiliar with the data, can contribute
to the annotation process. Additionally, ELAN provides tools for efficient data collection
across existing transcripts, such as word counts and tier-based searches. These advantages
make ELAN widely recognized among sign linguists as a tool for efficient transcript
exchange. Notably, ELAN supports the annotation of both manual signs and NMSs, which is
crucial for sign language linguistics research.

However, a significant drawback is the time required for manual transcription, especially
when working with large corpora or conducting quantitative studies. Researchers must
manually transcribe each instance of the movement under study and determine its start and
end. This process becomes particularly challenging when analyzing NMSs, which involve
intricate movements of the eyebrows, eyes, mouth, nose, cheeks, head, and torso (Ferreira-
Brito 1995). Another critical challenge is accommodating corrections and intercoder
reliability checks. This is because transcriber effects are inevitable; a single transcriber can
unintentionally influence how the data is transcribed due to personal interpretation, attention
level, biases, etc.

Over the past decade, studies have sought to advance the automatic recognition of manual
signs (Starner & Weaver & Pentland 1998; Cooper & Holt & Bowden 2011). However, given
the importance of NMS transcription in sign languages, other studies have focused on
automatically recognizing NMSs (Antonakos & Roussos & Zafeiriou 2015; Bhuvan et al.
2016) and on developing methods to integrate them with manual sign coding (Yang & Lee
2013; Quesada & Marin & Guerrero 2016). Despite significant progress in automatic
annotation tools with the potential for reliable large-scale analyses (Karppa et al. 2012;
Puupponen et al. 2015), it remains necessary to assess the effectiveness of automatic analysis
in accurately capturing the structure and expression of signed languages. In this sense,
automated tools like FaceReader can offer an alternative. FaceReader is a paid software
program developed by Noldus for the automated recognition of facial expressions and head
positions. Using the Facial Action Coding System (FACS), FaceReader identifies the activity
of up to 43 facial muscles (20 in the most affordable package), referred to as Action Units
(AUs), and their intensity levels: trace, slight, pronounced, severe, or max.

Beyond coding individual AUs, FaceReader also annotates combinations of AUs when
multiple of them are activated simultaneously. This automation has the potential to
significantly benefit sign language research by enabling analysis of larger datasets and saving



valuable research time. By automating the transcription of NMSs, researchers can allocate
more resources to other aspects of their studies and analyses. The data are coded by
FaceReader as numerical values (on a gradient scale) and are then translated into intensity
categories according to the FaceReader manual. That is, AUs intensities' are classified in a
scale from 0 to 1, in which Not active is from 0.00 to 0.100; Trace (A) is from 0.100 to
0.217; Slight (B) is from 0.217 to 0.334; Pronounced (C) is from 0.334 to 0.622; Severe (D)
is from 0.622 to 0.910; and Max (E) is from 0.910 to 1.000 (Face Reader Reference Manual
9, p. 265).

Using a deep learning-based face-detection algorithm, FaceReader first identifies the face’s
position in an image and then synthesizes an artificial face model with nearly 500 key points
to estimate facial landmarks. This facial modeling method enables FaceReader to capture the
face's state. Finally, it identifies facial expressions using a trained deep artificial neural
network capable of recognizing face patterns. This network was trained on more than 20,000
manually annotated images of people from diverse backgrounds worldwide (FaceReader 9
Help 2019).

In addition to coding facial features, the program analyzes head orientations relative to the x,
y, and z axes: pitch, yaw, and roll, respectively. These head orientations represent the degrees
of deviation from looking straight. The default range for pitch and yaw values is -30° to 30°
in either direction, while any minimum or maximum limits do not constrain roll. If the angle
exceeds this threshold, FaceReader rejects the face model. It can also recognize not only the
degrees of deviation in pitch, yaw, and roll but also the head’s position relative to the camera
(horizontal, vertical, and depth).

The program uses pitch and yaw values to assess the Model Quality, which indicates the
image quality required for the program to accurately detect and classify a face (FaceReader
Reference Manual, 340). The minimum quality threshold for a model to be considered valid
is 0.5, on a scale ranging from 0 (low quality) to 1 (high quality). The quality indicator is
represented by a color-coded bar: red signifies low quality, orange indicates medium quality,
and green denotes good quality. For a model to be considered of good quality, the green
portion of the bar must cross the dashed line at 0.5. Another advantage of the program is its
ability to normalize or calibrate the participant's face. This can be done manually by selecting
a segment of the video where the participant exhibits a neutral expression, or automatically,
with the program continuously adjusting its analysis based on changes in the participant’s
facial expressions. Hanada (2023) also cites two significant disadvantages of FaceReader for
linguists: its high cost and the lack of support for analyzing torso movements.

As mentioned, ELAN is a trusted program already integrated into the practices of signed
linguists. However, when working with extensive corpora, transcribing both manual and non-
manual signs can be time-consuming. Therefore, when considering a quantitative approach, it
is worth exploring tools that automatically transcribe such data. Although ELAN and
FaceReader serve different functions, both can be used to transcribe NMSs in sign language.
Thus, the present study aims to investigate the reliability of these two tools in transcribing the
same video sample. Specifically, the goal is to determine whether the transcriptions from
each tool refer to the same data or appear to interpret different data points. Reliability means
that the transcriptions are consistent across different tools (Abbuhl & Mackey 2008).
Therefore, this is a proof-of-concept study with the purpose of comparing two transcription
tools for NMSs and exploring the pros and cons of each in the context of NMS

!'If such categories are not imposed, however, the data could instead be analyzed phonetically using FaceReader
to annotate the intensity of muscle movements activated during a sentence, akin to a spectrogram in phonetic
analysis. In contrast, the labels used in ELAN can be viewed as a more categorical, phonological form of
analysis, comparable to the use of the IPA.



analysis. However, the intention here is to understand what is captured or missed by a human
versus an automatic transcription, and not to provide linguistic results about how NMSs
operate in Libras, or determine which transcription method is superior.

3. Method. The present study uses data from Libras to examine potential differences in
manual transcription in ELAN and automated transcription in FaceReader. The FaceReader
data® utilized here was obtained from Hanada (2024). Below are the settings in FaceReader
chosen by Hanada (2024): 1) The use the of General Face Model, as the corpus contains only
Western adult signers, 2) Continuous calibration of the face, since it was not possible to
capture a neutral facial expression from the participants before the experiment, and 3) All the
data are in the green portion of the Model Quality bar — above 0.5, which means that the
videos have good quality for facial recognition.

Because the purpose of the present study is to compare two programs, the ELAN labels
utilized by Hanada (2024) were matched with the AUs coded in FaceReader® (Table 1). The
transcription in ELAN was carried out without having access to FaceReader’s automatic
coding. This guarantees that one transcription will not bias the other.

ELAN transcription FaceReader transcription
Eyebrows 134 (Raised) 286 (Inner Brow Raiser - AU 01) +
184 (Outer Brow Raiser - AU 02)
=470
16 (Furrowed) 287 (Brow Lowerer - AU 04)
Eyes 8 (Wide open) 161 (Upper Lid Raiser - AU 05)
14 (Squinted) 146 (Lid Tightener - AU 07)
Nose 1 (Wrinkle) 15 (Nose Wrinkler - AU 09)
Head 142 (Head tilted right or left) 387 (Roll)
21 (Head tilted forward or 387 (Pitch)
backward) + 73

(Facing up or down) +
163 (Head nod) =257

75 (Facing left or right) + 387 (Yaw)
2 (Head shake) = 77
Total: 649 2,240

Table 1. NMSs equivalency between ELAN and FaceReader

It is important to note that mouth movements were excluded because participants mouthed
almost every sign in the sentences. The NMS Cheek Raiser (AU 06) movements were also
excluded because, if analyzed, they would be transcribed as either Squint Eyes or Smiling
Eyes, even though the AU itself refers to the cheek movement. Therefore, only raised and
furrowed eyebrows, wide-open and squinted eyes, and wrinkled nose were part of the
analysis.

2 The data was collected from 9 deaf signers from the deaf community of Sao Carlos (Sao Paulo, Brazil), six men
and five women, aged between 20-46 years old. They self-identified as fluent in Libras. The signers use Libras
daily with their families, both hearing and deaf friends, and in their work or university settings.

3 For a more systematic comparison between Libras Facial Expressions associated with the Facial Action
Coding System, visit da Silva et al. (2020).



Only the maximum activation value* of AUs and head orientations in FaceReader that co-
occurred with MSs® were coded, as they reflect the peak intensity of the AU (the goal to be
reached). Given that the signs were generally produced rapidly (averaging 700 ms), the
default frame rate of 5 frames per second (FPS) was adopted when coding AUs and head
orientations. Finally, to facilitate the comparison of head movements between the programs,
we tabulated head movement degrees coded by FaceReader as the following six group ranges:
Up to 5°; 5°to 10°; 10° to 15°; 15° to 20°; 20° to 25°; 25° to 30°. This decision relies on the
fact that FaceReader also codes AU intensity into 6 groups, enabling comparison of AUs and
head movement intensity levels. The data from both transcriptions were entered into an Excel
table for comparison.

4. Results. In total, the author of the present study manually transcribed 649, while
FaceReader automatically coded 2,240 NMSs. In other words, FaceReader annotated
approximately 3.5 times more movements.

However, if trace and slight active AUs movements are disregarded, as well as head
movements with less than 10° of deviation, one could say that FaceReader annotated a
similar number of movements as those annotated in ELAN, as the total amount recognized by
FaceReader would be 680 active movements®. From that number, a first impression was that
only intense movements are perceived by the human brain, which would explain why the
total number of intensely activated movements in FaceReader is comparable to the number of
transcriptions made in ELAN by a human annotator. However, before drawing this
conclusion, it is essential to analyze each result comparatively, considering all intensity levels
of muscle activation and head orientations.

4.1 AGREEMENT. Chart 1 shows that 48.03% (1453) of the manual annotations in ELAN
are equivalent to the number of automated annotations generated by FaceReader. This means
that the eyebrows, eyes, nose, and head movements that were labeled as “active” in ELAN
were also detected by FaceReader with some degree of activation (trace, slight, pronounced,
severe, or max), and those labeled in FaceReader as “inactive” were also not detected by the
human annotator. Regarding our first assumption that the human annotator would be able to
capture only more intense movements, it is now possible to argue that this is not the case, as
24.23% of the annotations in ELAN corresponded to trace or slight levels of AUs and head
movements (223 trace + 129 slightly active movements = 352), which are the two least
intense activation levels of muscles detected in FaceReader.

4T acknowledge that selecting the maximum AU value within the data timeframe may not be the most effective
approach for analyzing individual signs in FaceReader, as NMSs, like MSs, can be influenced by coarticulation
effects.

5 This decision was made because, in most cases, more than one NMS was coded for the same MSs. For
instance, the sign BAR was produced from 00:30:565 to 00:31:785.

6 AU 01+02 = 247 (36,3%), AU 04 =21 (3,1%), AU 05 = 37 (5,4%), AU 07 = 5 (0,73%), AU 09 = 1 (0,14%)),
pitch = 141 (20,7%), yaw = 71 (10,4%), and roll = 157 (23%). 680 annotations in total.
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Chart 1. Differences between ELAN and FaceReader transcriptions

4.2. DISAGREEMENT. The two transcriptions disagreed on 51.97% of the annotated data.
3.36% (53 =48 eyebrows and 5 eye movements) of the annotations captured by the human
annotator in ELAN were not identified by FaceReader. Out of 48 annotations of active raised
eyebrows only transcribed in ELAN, just 11 were coded by FaceReader as inactive for both
AU 01 (inner brow raiser - IBR) and 02 (outer brow raiser - OBR). Upon reviewing these
instances, it was observed that eight of them belonged to the only female participant wearing
glasses, which could explain the discrepancies between the transcriptions. Hanada (2024)
notes that the recognition quality of a participant’s face may be affected by the presence of
glasses or a beard, potentially impacting FaceReader’s accuracy in detecting facial
expressions, as glasses may obscure eyebrow analysis. This might lead us to infer that
FaceReader can face difficulty detecting eyebrow and eye movements in the presence of a
facial accessory. However, it is challenging to determine the exact cause of this difference,
since the average maximum value for the Model Quality of that participant is 0.698 (Hanada
2024), which exceeds the default threshold of 0.5 and thus indicates medium-good to good
facial modeling quality. Furthermore, another (male) participant was also wearing glasses
and the same difference wasn't observed.

For raised eyebrows considered active in ELAN, 91.2% matched at least one AU coded as
active. Given that FaceReader categorizes raised eyebrows as two distinct movements, one
might ask whether there is a perceptual difference between them during manual facial
expression transcription. When comparing each of these AUs to ELAN annotations, certain
patterns emerge. Whenever OBR was categorized as trace, IBR was categorized as either
trace or a higher level — the same pattern held for other intensity levels. A complementary
pattern was identified when analyzing inactive raised eyebrows: in many cases where IBR
was inactive, OBR was also inactive (92.2%), aligning with ELAN’s transcription. However,
when OBR was inactive, IBR were inactive (53.2%) or with some degree of activation
(46.8%). This suggests that the Inner Brow Raiser (IBR) may be more salient to human
perception when determining whether a raised eyebrow is active.

If this is indeed the case, why then 20.47% of OBR annotations were labeled as pronounced
or severe? A closer examination of these cases revealed two main explanations: either the
movement was not labeled as raised eyebrows in ELAN because, when contrasted with
previous raised eyebrow movements and neutral eyebrows, it appeared closer to a neutral
state; or FaceReader categorized the frame as a raised eyebrow because the preceding (or, in
a few cases, following) sign was produced with raised eyebrows, meaning the frame
captured the transition back to a neutral position or the anticipation of a raised position.
When considering only IBR, 72.2% (182 instances) of the movements labeled as inactive in
ELAN were categorized as either inactive or activated (trace or slight) in FaceReader. From
this result, it appears that, even though the human annotator can identify slightly



activated movements, this is done by contrasting them with what was recently considered a
neutral face. In other words, it seems that the human annotator memorized the participant's
neutral face from the most recently analyzed data and compared it with the current data,
updating the information as the transcription process progressed. Thus, the baseline for the
participant's neutral state varied with the transcription process, and the face’s neutral state
was updated in the human annotator’s memory each time they created a new annotation of an
active facial movement. It is important to note that this could be avoided by having a single
picture of the participant's neutral face, which can then serve as a base for annotating all
active facial expressions. However, this should not be a problem for the present study, as the
calibration type selected in FaceReader was the “Continuous Calibration”. This means the
program adapted the analysis to the user’s neutral state throughout the recording, and it is
especially useful when a neutral facial sample is unavailable. The other type of calibration
would be the “Participant Calibration”, which, is like having one picture of the neutral face of
the participant during the transcription task, as FaceReader takes a photo as the baseline a or a
short video of the participant looking at a neutral screen. Finally, five instances of squinted
eyes (lid tightener - AU 07) were marked as active only in ELAN. They involved head-
backward movements, which made it more difficult for FaceReader to capture the eyes’
movements.

Again, the two annotators disagreed on 51.97% of the transcribed data. From this, 48.61%
(1534) represents transcriptions made only by FaceReader. As observed in chart 1, 818
annotations were of facial expressions (530 eyebrows, 274 eyes, 14 nose), and 716 were of
the head. Regarding the 818 facial expressions, patterns were found across all of them.

The main reasons for discrepancies were coarticulation of NMSs, non-linguistic factors, and
the presence of facial accessories, such as glasses. The “coarticulation of NMSs” refers to an
unconscious preference of the human annotator for transcribing intense NMS over co-
occurring ones with less perceptual visibility. For example, if a participant produced both an
intense raised eyebrow and a trace of wide-open eyes, the annotator transcribed only the
raised eyebrow, interpreting that the trace of wide-open eyes was a consequence of the
eyebrow movements rather than as an intentional activation. This means the annotator coded
the eye movement if and only if they assumed it would exist independently of eyebrow
movement. Here are some articulators that co-occurred: raised eyebrows and wide-open eyes;
furrowed eyebrows; squinted eyes’, with a smile or cheek movements; and the three axes of
head movement®. This distinction can also be described as a difference in annotation strategy:
to make the manual and automated coding more comparable, the human annotator opted to
separate eyebrow movements from eye and mouth-and-cheek movements. This highlights the
need for further research into how often movements occur simultaneously versus
independently and suggests that FaceReader can detect movements even in contexts where
the researcher might not have considered them relevant to linguistic analysis. This
underscores the need for annotators to assess whether such factors affect annotation accuracy.
The second reason for the discrepancy was non-linguistic factors, such as transitions between
movements, the final-sentence position, and eye and head movements with the purpose of
looking at the computer. Finally, another possible reason for the discrepancies was the
presence of glasses, which

7 In the manual transcription, the criterion for distinguishing squinted eyes from smiling eyes was that the eyes
were labeled as squinted when they were not the result of a smile, or the Cheek Raiser (AU 06) associated with
a smile. Although FaceReader uses AU 06 to describe cheek movement that affects the eyes, this movement
appears to significantly affect the eyes' appearance. It is unclear whether FaceReader distinguishes between
smiling and squinting eyes. This could be another reason for the discrepancy between the two transcriptions:
the manual transcription treats squinted and smiling eyes as distinct eye appearances, whereas FaceReader may
consider both as part of AU 07, marking AU 06 only for the cheek movement.

8]t is important to acknowledge that when a change in head orientation occurs, all axes are affected.

8



made it difficult for the human annotator to capture the eyebrows and eye movements.
However, as previously noted, this was also a challenge for FaceReader, suggesting that
certain factors pose challenges for both manual and automated transcription in detecting
facial movements, such as accessories (glasses, piercings, etc.) or other facial features (beard,
bangs, etc.) that obscure the face.

5. Discussion. The results show that a human annotator can identify different intensity levels
of NMSs and code them as active, including less intense levels such as trace and slight.
However, because humans might categorize the world contrastively (Prince & Alvarez &
Konkle 2024), trace and slight active movements were coded only when contrasted with
facial expressions considered as neutral by the human annotator. On the other hand,
FaceReader’s system calibrates the participant's face, establishing a neutral baseline that
matches the participant’s habitual expression, enabling consistent activation and intensity
coding. According to Artuso, Palladino, and Ricciardelli (2012), memory is a cognitive
system that constantly updates information it deems useful, including visual information. In
doing so, memory serves to maintain goal-relevant information and inhibit irrelevant
information (Morris & Jones 1990; Palladino et al. 2001; Oberauer 2005). This same function
applies to facial processing, which is crucial for individuals to stay engaged in interpreting
socially salient facial stimuli. One hypothesis is that it may be difficult for a human annotator
to maintain a single, neutral facial state in mind while observing many facial expressions
produced at varying intensities. This is because the human memory tends to be continuously
updated by the most recent facial expression the transcriber observed. As a result, manual
transcription in ELAN tends to be dichotomous, classifying movements as either active or
not, or using just a few intensity categories (such as not active, slightly active, pronounced
active). This dichotomous approach makes it difficult to categorize movements into six
intensity levels, since the difference between a trace and a slight movement may not be
obvious to human perception. Therefore, it is still unclear whether a human annotator can
categorize these intensity levels as efficiently and with the same precision as FaceReader.
The automated software can also code a larger volume of data in less time. It can detect
annotations that were missed or excluded by the human annotator, providing detailed
information on the intensity levels of facial expressions and the degrees of head-orientation
deviations, as well as co-occurring AUs and head movements. The automated recognition of
various degrees of head-orientation deviation is also a valuable resource for understanding
the constraints of NMSs, which is essential to the fields of Articulatory Phonetics,
Phonology, and Prosody of sign languages. Since this is not an easy task for human
perception, FaceReader can be a useful tool in this context. It can be employed in studies
aimed at understanding variations in the intensity of facial expressions and head movements,
as it provides objective, consistent analysis.

Additionally, the human annotator focuses on more intense/relevant movements and
unconsciously ignores other movements that might co-occur but with lower intensity. The
task of coding facial expressions becomes even harder when movements are co-articulated
alongside other movements, such as eyebrows and eyes (e.g., raised), cheeks and mouth (e.g.,
smile), eyes and mouth (e.g., smile), eyes and nose (squint and wrinkle), or nose and mouth
(e.g., wrinkle and upper lip raiser). Our understanding of the relationship between different
articulators remains quite limited. While studies such as Wilbur (2000) highlight the
independence and activity of various NMSs, noting that different articulators can produce a
single NMS, it is still necessary to investigate whether certain NMSs tend to co-occur or
occur independently. From this perspective, signed linguists should ask themselves whether
specific NMSs are typically activated in the presence of others due to anatomical connections
or shared linguistic functions, or whether these channels operate independently to convey
meaning.



Gaining this knowledge would inform decisions about whether to transcribe NMSs separately
or collectively and help clarify how they relate to prosodic, phonological, syntactic, and
discourse elements. Puupponen (2018) is one of the few studies to explore these questions,
investigating whether head and torso movements are independent or coordinated based on
how often they occur separately versus in tandem.

The process of transcribing data manually involves making important decisions based on the
researcher's interests and the type of data collected. In this study, the researcher decided to
annotate only NMSs that accompany linguistic content, excluding other NMSs motivated by
non-linguistic factors or by transitional movements associated with the articulation of a
preceding or following sign. This was the main drawback of using FaceReader for linguistic
analysis, as it coded every single movement of the face and head, even when those
movements were not linguistically relevant to the analysis of NMSs.

ELAN enables quick and easy analysis of annotation durations, which is especially
important for NMSs in sign language, as they are suprasegmental and span multiple words.
This becomes challenging in FaceReader because the program’s analysis is based on frames,
which do not always align with the exact moments when signs or utterances begin and end.

In ELAN, it is also possible to annotate the direction of eye gaze, including when eyes are
directed at manual signs. In contrast, FaceReader only has Action Units (AUs) referring to
wide-open or closed eyes. Similarly, the annotator can differentiate between various types of
head movements in ELAN, such as head nods, shakes, and tilts, along with their respective
directions, and annotate the movements the researcher deems activated. On the other hand,
FaceReader does not readily allow distinguishing when head orientation is inactive, as it
assigns a specific degree of deviation to every frame. Additionally, while the researcher can
examine other aspects of the video in ELAN, such as torso orientation and position,
FaceReader is limited to facial expressions and changes in head orientation.

Finally, Chart 2 indicates that the degree of agreement and disagreement between annotations
was similar across levels of muscle activation intensity, except for trace movements. Further
research is necessary to understand why “trace” intensity level was the main reason for
disagreement between manual and automated transcriptions. One possible hypothesis is that
humans might not be able to capture the trace activity of movements unless they contrast
with what was recently considered the neutral state of the participant's face or perceived as
carrying communicative or linguistic function/meaning. If this is the case, one can also
hypothesize that the trace level might represent the threshold between active and inactive
NMSs. This underscores the distinction between human coders - who evaluate both form and
meaning in the linguistic analysis of sign language - and automated tools like FaceReader,
which rely solely on formal, visual features. If trace movements are excluded from the
analysis, the agreement percentage between the two annotators increases from 48.03% to
61.81%.
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Chart 2. Distribution of NMSs" intensity degree according to agreement

6. Conclusion. In terms of reliability, given that FaceReader is not designed for linguistic
analysis, it is preferable not to rely solely on it for linguistic transcription, as the program may
capture unintended movements that do not align with the research goals. Similarly, it is not
ideal to rely exclusively on a single human annotator, as it depends on subjective judgment
shaped by the transcriber's interpretation, attention level, and biases, which can affect the
results and conclusions drawn from the observed data. This variability may stem from
differences in the transcribers' training, linguistic backgrounds, ideologies, and other factors.
Therefore, one possible use of the automated software is to serve as a second annotator to
ensure intercoder reliability®.

The comparison between human and automated annotations highlights the strengths and
limitations of each approach in analyzing NMSs in sign languages. The adoption of either
transcription method depends heavily on the researcher's objectives, the type of data being
analyzed, whether the study is qualitative or quantitative, and whether the data is elicited. A
combined approach is the most beneficial, utilizing the strengths of both methods. For
instance, if a researcher wants to investigate duration information, they can use ELAN to
extract precise durations by identifying the start and end times of signs. On the other hand, if
one’s goal is to explore varying intensities of NMSs, FaceReader provides a more precise and
accurate categorization of the data.

The findings of this study contribute to a better understanding of the differences between
manual and automated transcriptions of facial expressions and how the choice of transcription
methods and research criteria influences the observed results.

7. Limitations. The main limitation of this study was the absence of a second human annotator
for manual transcription, which would have enabled a more reliable comparison and a better
assessment of consistency in facial and head movement annotations. While automated tools
like FaceReader show promise, the lack of a second annotator in this study limits the ability to
fully evaluate the reliability and consistency of manual transcriptions. This is especially
important, as manual transcriptions can vary from one annotator to another, and having two or
more annotators would allow for more consistent coding. Additionally, it is important to
include a native Libras signer among the annotators to transcribe the NMSs in the data.
According to Kuhl et al. (1992), linguistic experience influences phonetic perception at an early
age. This means there is also the possibility that the annotator may approximate their phonetic
annotation to what is familiar in their first language (the magnet effect). Although the coded

% According to O Connor and Joffe (2020), intercoder reliability (ICR) is a numerical measure of agreement
between different coders regarding how the same data should be coded, which can be calculated using different
statistical tests, such as Cohen's kappa, Krippendorff's alpha, Scott's pi, Fleiss'K, Analysis of Variance binary
ICC, and the Kuder- Richardson 20.
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data is in a different modality from the author's first language (Brazilian Portuguese), it is
necessary to keep in mind that this might result in differences in the manual transcription.

Finally, it is important to note that, since only FaceReader data from Hanada (2024) was
utilized here, the AU Eyes Closed (AU 43) was excluded from her analysis. Although
participants were instructed to look at the camera while signing their responses during the
experiment, they did not consistently maintain direct eye contact with the camera. This was
particularly evident at the beginning and end of utterances when participants briefly looked at
the computer slide presentation to read the glossed sentences. As a result, FaceReader
frequently annotated a significant portion of the signed data as if the participants had their eyes
closed. The same pattern was observed with other AUs analyzed in the present study. This
represents a limitation of the present study, as the researcher did not identify this during data
collection from the first participants, which means that, if the movements of the eyes and
mouth hadn't been excluded, additional data could contribute to understanding the effects of
different types of transcription. In future research, it is crucial to filter out such occurrences
beforehand, as they may significantly influence the results. This highlights the risk of
concluding based solely on formal features without examining the actual context of the
production. To ensure linguistic relevance, it is essential to code not only the form but also the
intended meaning behind the articulation, determining whether the muscle activation
contributes to the expression of linguistic information.
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