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This report concerns the integration of the DeepFace frame-
work for automatic facial expression recognition into the 
social robot Epi. The project aimed to implement this system 
and evaluate its utility in providing participant emotional 
state data within experimental settings. A pilot study was 
conducted to investigate the inter-observer reliability of the 
robot compared to human observers. Results indicated that 
the robot's analysis significantly deviated from human per-
ception, suggesting a need for further system improvement. 
Consequently, it is argued, that future developments should 
consider multimodal approaches, such as integrating vocal 
intonation or body posture, to enhance the reliability of emo-
tion detection in social robotics. 

1 Introduction 
Social robotics is a subset of robotics in the context of Hu-
man-Robot Interaction (HRI), which contrasts automation 
robotics, remote-controlled robotics, and automated vehicles 
(Sheridan, 2016). While there is no precise and commonly 
accepted definition of what constitutes a social robot, the 
distinguishing feature that differentiates social robots from 
other types is that among these, social robots are embodied 
and designed with the intent of communicating with humans 
(Akalin & Loutfi, 2021). These robots can be deployed in a 
wide array of contexts, such as healthcare (Ragno et al., 
2023), education (Woo et al., 2021) and service operations 
(Vishwakarma et al., 2024). 

A subset of social robotics is designed as being anthro-
pomorphised, which is to say they are humanoid in that they 
display and mimic physical features of humans, such as hu-
man bodily structures and facial layout. The anthropomorph-
ising of social robot design is partly assumed to facilitate 
building functional robots since their embodiment will be apt 
to engage in a world designed for humans. A second assump-
tion is that it facilitates HRI by allowing humans to engage 
with the robots in more intuitive ways. A comprehensive 
meta-analysis of 78 studies showed this to be true for social 
robots, but not other forms of robots (Roesler et al., 2021). 
Given this, and that the global market for social robots is 
projected to reach $19 billion by the end of 2025 (World 
Economic Forum, 2019), further research into which anthro-
pomorphic features facilitate HRI and in which contexts is 
warranted, including behavioural anthropomorphisms. 

This project utilises Epi, a type of humanoid social robot 
developed for research purposes by the Lund University 
Cognitive Science division (LUCS). The quintessential phys-
ical features of Epi are the humanoid head and adjustable 
pupils. Most versions of Epi come in the form of a bust; a 
head mounted on shoulders, while one embodiment of Epi 
includes a torso with functional arms. Epi is operated by the 
open-source software Ikaros, also developed at LUCS. 
Through Ikaros, Epi can be utilised in Wizard of Oz experi-
ments (WoZ), where Epi can be controlled remotely in real-
time as it interacts with others. As such, present Epi has 

sparse cognition. More comprehensive descriptions of Epi 
can be found here (Johansson et al., 2020), and Ikaros here 
(Balkenius et al., 2010; Balkenius et al., 2020). 

Facial recognition (FR) is a subfield of computer vision 
focused on detecting, identifying and classifying human 
faces, along with extracting related attributes. The field has 
evolved significantly since its start in the 1960's and has 
come to use techniques such as Deep Neural Networks 
(DNNs). Despite exponential technological advances the 
consistent theme of using vectors in feature space since the 
1960's remains (Turk and Pentland, 1991). Although the fun-
damental computer vision architecture has remained the 
same the tools have expanded their scope from face identi-
fication to the detection of categorical information such as 
gender, approximate age, ethnicity, and emotional state (Ser-
engil, n.d.).  

Although there has been a significant advancement in FR 
it is not widely implemented in social robots, suggesting that 
the domain might be an unexplored area of research (Keizer 
et al., 2014; Dwijayanti et al., 2022). The implementation of 
facial recognition in embodied agents has shown to consist of 
certain challenges when utilised in non-controlled environ-
ments. Most FR models are developed using datasets featur-
ing optimal conditions such as consistent viewing angles and 
ideal lighting (Serengil, 2024). That however might not be 
feasible to expect in the real-world in which robots need to 
operate in dynamic and non-ideal conditions. This is the case 
for Epi's visual system —akin to a myriad of robotic sys-
tems— since Epi must contend with multiple data limitations 
(Johansson et al., 2020). Understanding how FR systems 
perform under these real-world constraints is crucial for ad-
vancing the field of social robotics (Roesler et al., 2021). 

The relationship between automated and human emotion 
recognition in social robotics by implementing the DeepFace 
framework in the Epi is at large part what has been explored 
in this project (Serengil, 2024; Balkenius et al., 2020). 
Through controlled experimental conditions, we examine 
whether automated systems can reliably detect and classify 
emotional states in ways that correspond to human observa-
tions. The implementation leverages Epi's existing capabilit-
ies in Wizard of Oz experiments, where the robot engages in 
naturalistic interactions while being remotely operated (Jo-
hansson et al., 2020). By comparing automated emotion de-
tection with human observer assessments, this project aims to 
validate the potential for using facial expression analysis as a 
tool for data collection in human-robot interaction research. 
The findings could inform future developments in social ro-
botics, particularly in contexts requiring accurate emotional 
state detection (Ragno et al., 2023; Woo et al., 2021). 



2 Implementation 

Choice of framework: DeepFace 

Multiple techniques for FR have been developed over the 
years, though they typically share a similar process pipeline: 
detect, align, normalise, encode/represent, and verify (Seren-
gil, 2024). In a comprehensive benchmark analysis of FR 
pipelines, four dimensions were analysed: FR, face detectors, 
the effects of alignment mode activation or deactivation and 
distance metrics (Serengil & Özpinar, 2024). DeepFace, de-
veloped by Sefik Ilkin Serengil, is a framework for FR tasks 
such as detection, identification, validation, and facial attrib-
ute analysis. The framework combines multiple packages and 
models into a single Python library for a complete end-to-end 
FR pipeline. 

DeepFace was chosen because of its versatility by virtue 
of incorporating multiple models into one framework. Thus, 
implementing DeepFace facilitates initial prototyping of FR 
models since different models may excel or underperform in 
different contexts, which has been evaluated previously (Ser-
engil, 2024). Serengil is also invested in the FR community 
and consistently responds to queries concerning DeepFace, 
including one from this project group.  

Implementing Face Recognition and Gaze Locking 

The main problem with this implementation is that the 
DeepFace face recognition tool does face recognition on im-
ages. Meaning that to get our software to work in real time, 
we would need to extract frames from the video and run 
them through the face analyser/gaze one by one. To do this 
we used cv2, a python library developed for handling im-
ages. The cv2 library comes with a .read() method which can 
capture and single out frames from any video source that is 
set up via cv2. This together with the different face analysis 
method from deepface, as well as the possibility to retrieve X 
and Y values made for a rather simple setup. The only thing 
remaining was sending the movement commands to Epi, 
which is done via https commands on Epis private network, 
and then gaze locking was somewhat done. Now Epi moved 
its head depending on where in the frame epi saw a face. 
However, this movement did not make any sense. If someone 
moved right in the camera, epi did not necessarily move 
right. This was mainly due to Epis warped camera and the 
way commands for Epis movement are set up. When using 
direct commands for Epis movement, for example “Move to 
[X:45, Y:90]”, there are two problems that can occur depend-
ing on how exactly you use Epi. One is that, between each 
movement, Epi always resets at the center position first. This 
made movement static and unsettling. The other is that Epi 
calculates where to move depending on its current position. 
For example, if Epi already is at [X:90, Y:0], if we want Epi 
to move to [X:120, Y:30], we would have to send a command 
for [X:30, Y:30]. Meaning we have to account for its current 
position. 

There was code developed to handle these issues. How-
ever, at the same time as that code was developed, the project 
shifted focus from face recognition and gaze locking to in-
stead primarily focus on emotion analysis. This was done to 
progress our work on the experiment. We never actually 
tested our developed code, so for now, Epi reacts to move-
ment, but does Epis corresponding movement does not make 
any sense. Gladly this was not all for nothing. A lot of the 
code for gaze locking was later used for live emotion analys-
is. 

 
Figure 1. Screenshot of ELAN 

Facial expression analysis with DeepFace 

As mentioned earlier DeepFace is also capable of facial at-
tribute analysis, meaning DeepFace has the functionality to 
perform facial expression analysis. Similar to how their face 
recognition works, the standard detector backend is set to 
opencv. Given that we used retinaface as the detector 
backend for our face recognition we decided to also use ret-
inaface as detector backend when using our emotion analys-
er. To emphasize, the detector backend is referring to which 
tool is used to detect the face in the picture. To our under-
standing, this does not affect the emotion analysis. Unlike 
how you can choose between lots of different detector_-
backends for the face detection, there seems to be no way to 
choose emotion analyser through DeepFace. Two emotion 
analysers were to be implemented. One for real time analysis 
and another for offline analysis later on. The real time ana-
lyser was meant to work as a proof of concept for possible 
later use. For example, Epi being able to mirror the parti-
cipants emotions during tests.  
DeepFace comes with a method named “streaming” which in 
essence is all of their functionalities cramped into one meth-
od that does everything live. At first we thought this would 
work great for our real time analyser, but we quickly realised 
that we wanted more flexibility and control over what the 
method was supposed to do and not do. Streaming was 
quickly scrapped and we moved on to making our own real 
time analyser. 

Like face detection, face analysis works by analysing an 
already existing image file. We had already found a work-
around for this, using cv2 software, with the live face analys-
is method we had made previously. Mainly the only thing we 
had to do was to change that existing method from using face 
detection, to now having face analysis, and the live face ana-
lysis was complete. However, the live analysis requires a lot 
more processing power, and since we do not actually need 
live analysis for this experiment we decided to also make an 
offline analyser. This meant that during the experiment we 
only had to record a video through Epis cameras and then 
later run those videos through the offline analyser. 

The facial expression offline analyser, offline-emotion-
analyzer.py, used the RetinaFace backend for face detection. 
A "frame skip" function was added as each frame takes about 
1.5 seconds to analyse on a modern Apple laptop, and the 
temporal resolution of 25 to 40 readings per second seemed 
superfluous. The program's output is saved as a CSV file 
with one row per reading. 

An additional program for converting the CSV file to an 
ELAN-compatible TXT files, convert_csv_to_elan.py, was 
also constructed so that the dominant facial expression could 
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easily be imported for further processing. ELAN is a popular 
video annotation software with extensive use in the field of 
cognitive science. The ability to automatically code ("auto 
label") facial expressions could be a massive time saver for 
researchers using ELAN.  

3 Method 

Experiment 

The experiment was an HRI experiment employing a WoZ 
methodology with the robot Epi. For this experiment, Epi's 
left eye was used to collect video footage of the participants. 
A custom experiment paradigm, named Emotion and Stress 
Evoking Protocol, ESEP, was devised with the goal of evok-
ing diverse emotional reactions, and thus facial expressions, 
which could be analysed by Epi and human observers. The 
protocol was designed to be similar to typical experiments 
within the field of psychology and cognitive science, and 
sought to test whether the DeepFace facial attribute analysis 
method could generate reliable data for other experiments. 

 
Table 1. All prompts used during the experiment. 

The ESEP protocol consisted of two distinct phases: an 
emotion elicitation phase and a stress induction phase. Dur-
ing the emotion elicitation phase, Epi engaged participants in 
personal dialogue, posing questions designed to elicit emo-
tional responses grounded in personal narratives. These ques-
tions gauged for different emotions, and thus evolved from 
general prompts (e.g., queries 5, 8, and 14 in Table 1) to 

more focused emotional probes (e.g., queries 6, 9, and 15 in 
Table 1).  

The stress induction phase incorporated working memory 
tasks. As was the case in the previous phase, Epi had prede-
termined movements alongside most responses. However, 
during this session, there was a simulated malfunction 
movement intended to evoke stress responses from parti-
cipants, as opposed to facilitating the interaction. 

To control the ESEP a custom Python program was cre-
ated. The script was loaded by the program from a CSV file 
containing both the spoken parts and which pre-recorded 
animation to trigger. Both speech and animation triggers 
were called using HTTP GET requests (see Johansson, n.d.). 

The animations used most of Epi's motors and LEDs. The 
LED eyes conveyed emotional signals through colour 
changes (blue for sadness, green for approval, and red for 
simulated malfunction), head movements to facilitate a nat-
ural interaction and its speech function, and pupil dilation 
signalled interest. The speech was vocalised by Apple's 
South African English voice (Tessa Enhanced), played 
through the speaker in Epi using the Ikaros module EpiS-
peech. 

Participants 

For the experiment, six participants were recruited through 
word of mouth. Due to technical issues with data collection 
with one of the participants, the data for that participant had 
to be omitted. This yielded five participants (four female) 
included in the final data collection, with a mean age of 
28.2±3.5 years. All participants signed informed consent 
prior to starting the experiment. 

Procedure 

The experiment was conducted at the Robotics Lab at LUCS. 
Participants were informed that Epi would ask a series of 
questions of them, and they were seated in front of Epi at a 
socially appropriate distance while being close enough to 
allow for the DeepFace algorithm to reliably detect the faces 
of the participants. While Epi spoke in English, participants 
were informed they could answer in both English and 
Swedish, depending on whichever felt more comfortable.  

Prior to the experiment starting, the participants got to 
sign informed consent (Appendix A), and the room was 
evacuated by everyone except the experiment leader and the 
participant. The experiment leader remained in the room un-
der the pretense of being a fail-safe should the robot start to 
malfunction. 

Once the experiment finished, the participants were asked 
to fill out the questionnaires. In addition, the experiment 
leader conversed with the participants about their impres-
sions of the experiment.  

Data Collection 

The primary measuring point of this experiment was to as-
sess the viability of using the DeepFace algorithm for emo-
tion detection by quantifying how much Epi would potential-
ly deviate from human observers. As such, the main material 
was the video recording gathered from Epi's left eye during 
the experiment. The video was then analysed by the Deep-
Face algorithm using the previously mentioned offline-emo-
tions-analysis.py program, and two independent, naïve hu-
man observers not present during the experiment using the 
video annotation software ELAN (ELAN, 2024). The as-
sessments were then compared with each other to assess how 
much they deviate from each other.  
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Figure 2. Illustration of how observers differed in their emotion 

attribution. 

In addition to the primary measure, additional measures 
were collected in the form of different questionnaires issued 
after the experiment. The purpose of these measures were 
cumulatively to complement the primary analysis and control 
for other variables, should there have been enough parti-
cipants to make these data points valuable. The first ques-
tionnaire was the Ten-Item Personality Index (Appendix B), 
assessing personality traits in the Big-Five model of person-
ality (Watson et al., 1988). The second questionnaire as-
sessed the degree of comfortability the participants felt 
throughout the experiment (Appendix C), the questions and 
format of which were adopted and revised from an earlier 
study concerning comfortability in HRI (Redondo et al., 
2024). The final questionnaire primarily concerned stress 
levels (Appendix D), and was adopted from an earlier thesis 
involving Epi inducing stress to the participants (Sikström, 
2021). 

Data Analysis 

The video collected by Epi during the experiment was ana-
lysed by DeepFace and two human observers. The settings 
used for DeepFace meant it assessed the facial expressions of 
the participant eight times per second, and with each assess-
ment there was a probability vector indicating how probable 
different facial expressions were indicative of different emo-
tions. The video did not include audio, and thus the human 
observers, like DeepFace, only had access to visual informa-
tion. 

  
Figure 3. Illustration of the relationships being measured. Blue ar-
rows indicate HDQs. Yellow arrows indicate relationships that can 

be significantly different. 
To quantify observer discrepancies in facial expression 

assessment, a hamming distance quotient (HDQ) was calcu-
lated. Hamming distance is a measure of how similar two 
vectors are by counting the number of deviations there are 
between the two. This is illustrated in figure 2, where the 
vectors are coloured according to the designated emotion for 
a specific time. Here, it meant that the exported ELAN data 

could be interpolated and standardised according to the out-
put of the DeepFace algorithm, enabling a count of how 
much the observers deviated from each other across the 
videos. This meant that comparisons, on account of Deep-
Face assessing facial expressions eight times per second, had 
a 0.125 second granularity. Because the videos were of dif-
ferent length, the hamming distance was converted to a quo-
tient to assess the relative discrepancies across videos, i.e., 
dividing the total number of discrepancies divided by the 
total number of facial expression assessments per observer. 
This quotient is the HDQ used, which in other words meas-
ure how much two observers deviate from one another pro-
portional to all observations. Because this measures discrep-
ancies between observers, and the three observers in this set-
up being Human 1 (H1), Human 2 (H2) and Epi,this yielded 
three comparisons: H1-Epi, H2-Epi, H1-H2. The analysis 
then is to assess whether observer discrepancies significantly 
differ between one another (see Figure 3).  

4 Results 
The experiment lasted for an average of 11.4±1 minutes, with 
the emotional phase taking 5.7±0.8 minutes and the stress 
phase taking 4.2±0.2 minutes. For the H1-H2 comparison, 
the HDQ was 0.33 ± 0.11, indicating that the human observ-
ers agreed with each other 67% of the time. The H1-Epi 
HDQ was 0.55 ± 0.13, and the H2-Epi HDQ was 0.51 ± 
0.13.  

A repeated-measures ANOVA was used to evaluate 
whether the observer couple had any effect on the HDQ, 
which indicated a significant effect (F(2, 18) = 16.2, p < 
0.000). Post-hoc pairwise comparisons using estimated mar-
ginal means revealed significant differences between the H1-
H2 HDQ and the H1-Epi HDQ (M = -0.22, SE = 0.04, t(18) 
= -5.35, p < 0.001), and between the H1-H2 HDQ and H2-
Epi HDQ (M = -0.18, SE = 0.04, t(18) = -4.36, p = 0.001), 
represented by lines a and b in Figure X. No significant dif-
ference was observed between the H1-Epi HDQ and the H2-
Epi HDQ (M = 0.04, SE = 0.04, t(18) = 0.98, p = 0.60), rep-
resented by the line c in Figure X. 

 
Figure 4. Boxplot of the HDQs across observer couples. 

Due to the low participant count, the secondary measures 
have not been properly analysed or factored into the primary 
analysis. Plots showing the distribution of the data gathered 
from the secondary measurements can be found in the Ap-
pendix. The Ten-Item Personality Inventory showed a tend-
ency towards high values across personality traits, particu-
larly the trait "Openness to Experiences" (Appendix E). The 
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Comfortability Self-Report indicated that participants felt 
rather comfortable initially, with comfortability being re-
duced as the experiment went on (Appendix F). The Stress 
Self-Report suggested that Epi can induce stress, as indicated 
by the increased self-reported levels of stress during the in-
teraction as compared to before the interaction (Appendix 
G). The qualitative answers provided in the Stress Self-Re-
port showed a borderline universal inclination towards exper-
iencing the mental arithmetic task to be the most stress-indu-
cing.  

5 Discussion 

Implications for facial and emotion detection algorithms 

Current algorithms, while sophisticated in controlled envir-
onments, show significant deviation from human perception 
when deployed in real-world settings. The discrepancy 
between human observer agreement (67%) and algorithmic 
detection suggests that existing models may need substantial 
refinement to better align with human emotional understand-
ing (Serengil, 2024). This challenge is compounded by en-
vironmental factors inherent to robotic deployment - varying 
lighting conditions, inconsistent viewing angles, and dynam-
ic user movements - which stand in stark contrast to the con-
trolled conditions under which these algorithms are typically 
trained. 

The current approach of classifying emotions into dis-
crete categories appears overly simplistic when compared to 
the nuanced way humans interpret emotional states. Our hu-
man observers frequently noted emotional expressions that 
fell outside DeepFace's seven categorical options, suggesting 
that future algorithms may need to adopt more sophisticated 
classification schemes (Turk and Pentland, 1991). The frame-
by-frame analysis approach employed by current algorithms 
fails to capture the multimodal, temporal context that humans 
naturally integrate into their emotional assessments. This 
limitation becomes particularly apparent in real-time ap-
plications, where the sequential nature of emotional expres-
sions may carry significant meaning beyond individual frame 
analysis (Roesler et al., 2021). 

Implications for social robotics 

The implementation of facial expression recognition in Epi 
revealed several challenges for social robotics. The technical 
limitations of Epi's camera system - including limited resolu-
tion, narrow dynamic range, and variable field of view - 
demonstrate how hardware constraints significantly impact 
emotion detection reliability (Johansson et al., 2020). These 
limitations suggest that social robots require either more 
sophisticated sensory hardware or compensatory algorithmic 
approaches. It is also the case that the need for multimodal 
approaches becomes apparent, as human emotion recognition 
integrates multiple channels including vocal intonation and 
body posture (Roesler et al., 2021). Our HDQ results indicate 
that relying solely on facial analysis may be insufficient for 
meaningful human-robot interaction. 

Our findings revealed a significant gap between human 
and algorithmic emotion detection, with human observers 
achieving 67% agreement while Epi's assessments showed 
notable deviations. This discrepancy has particular implica-
tions for applications in healthcare and education (Vish-
wakarma et al., 2024). The challenge is compounded by real-
time processing requirements, where our implementation of 
DeepFace required approximately 1.5 seconds per frame 
(Serengil, 2024), creating a critical tradeoff between analysis 

depth and response speed. However computational advances 
and more effective algorithms should solve problems of this 
nature fairly seamlessly. 

These challenges suggest that future social robot design 
needs to reconsider its approach to emotion detection uncer-
tainty. Rather than pursuing perfect classification, robots 
might benefit from probabilistic approaches that maintain 
multiple hypotheses about emotional states (Roesler et al., 
2021). Beyond that, our observation of consistent stress in-
creases during cognitive tasks, particularly during mental 
arithmetic, raises some ethical considerations. The combina-
tion of anthropomorphic features with simulated malfunc-
tions appeared to heighten stress responses (Watson et al., 
1988; Sikström, 2021), suggesting the need for "stress-aware 
interaction protocols" that can monitor and adapt to user 
stress levels, particularly crucial in sensitive applications like 
healthcare and education (Ragno et al., 2023; Woo et al., 
2021). 

Limitations 

There are several limitations with the current work. First, the 
small sample size meant that the data from the questionnaires 
were not usable for secondary analyses. A larger sample size 
would have enabled further analyses, such as controlling for 
personality traits and examining whether there were facial 
expressions that correlated with the self-reported comfortab-
ility and stress levels. 

Second, the experiment did not collect data on what emo-
tions the participant themselves experienced during the ex-
periment. This meant that there is technically no way to de-
termine who was more right between H1, H2, and Epi when 
it came to their emotion attribution. The HDQ as applied 
here could be used to measure discrepancies between ob-
servers and the subjects themselves, rather than, or in addi-
tion to, measuring inter-observer reliability. This would have 
provided a grounding where one could assess in objective 
metrics the degree to which the facial expression analysis 
deviates from the subjects as compared to human observers. 
Such a comparison could shed light on when and how auto-
matic facial expression analysis can be applied to accrue 
reliable data on par with or improved beyond human observ-
ers. 

Third, the work was limited by DeepFace categorising 
facial expressions as belonging to one of only seven emo-
tional categories. Notably, the human observers independ-
ently of one another vocalised the issues with such a narrow 
restrictions, and claimed to see a lot of other emotions not 
compatible with DeepFace categories, such as disappointed, 
tired and bored. Further, it remains controversy in emotion 
research whether emotions ought to be conceptualised as 
categories at all, or if instead they are better conceptualised 
as points on multidimensional continuums (e.g., valence-
arousal spectrums). Regardless, given that this is a limitation 
of DeepFace in its current state, little can be done at present 
beyond waiting for the technology to become better in the 
near future or choosing another facial expression analysis 
tool. 

A final limitation is that the HDQ does not account for 
degrees of discrepancies. Hamming distance is a binary 
measure, merely counting how many values differ at all 
between vectors. This means that observers disagreeing 
about whether a facial expression denotes happy or neutral 
weighs as much as disagreeing whether the facial expression 
denotes happiness or anger. This point is especially pertinent 
if emotions are conceptualised as multidimensional con-
tinuums, where the distances can be quantified. If a facial 
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expression analysis could employ such an analysis, the HDQ 
could measure the distance in the conceptual space for each 
point, yielding a better measurement, given the validity of 
the face recognition model. 

Future Research 

There are multiple ways in which the current work can be 
expanded. One way is to perform further analyses to see how 
HDQ potentially varies as dependent on other variables. For 
instance, one could assess whether certain emotion classific-
ations are more likely than others to yield disagreements 
between observers, or if different stimuli periods could affect 
the HDQ.  

As discussed in the limitations, another route for future 
work is to use a facial expression analysis that measures 
emotion along a set of dimensions. The analysis could be run 
post-hoc on the video material, and then compared to human 
observers and facial recognition models using categorical 
classification to assess the viability of the dimensional mod-
el.  

A third route is to consider multi-modal integration of 
multiple sensory cues. Emotion expresses itself in more ways 
than facial expressions, and as such there is more informa-
tion to garner by collecting data from other cues as well. This 
includes other visual cues (e.g., posture), as well as cues 
from other modalities, notably the auditory to discern cues 
such as tone of voice, sentence structure and semantics. 
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