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H I G H L I G H T S

• Large Language Models (LLMs) enhance email clarity but do not necessarily increase recipients’ willingness to act.

• Willingness to act improves when email requests are perceived as trustworthy and appreciative.

• Effective emails require positive elements and avoidance of potentially toxic statements.
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A B S T R A C T

Large Language Models (LLMs) have shown remarkable capabilities in enhancing writing tasks. However, the 

effectiveness of LLMs in specifically improving email communication is yet unclear not least because such com­

munication depends on complex factors, including power dynamics, cultural contexts, and emotional nuances. 

To understand the effectiveness of writing emails with LLMs, we conducted a crowd-sourcing study with 266 par­

ticipants who annotated two sets of emails in terms of clarity and willingness to act upon the task communicated 

in those emails: one set was generated by humans and another generated by LLM. The emails were based on four 

use cases, including requests for data gathering and analysis, workload estimation, and meetings or events orga­

nization, representing situations with the same or different power levels between the sender and receiver, and 

were developed using best practices for project management. We found that, on average, LLM-generated emails 

expressed tasks in a clearer way but were not more likely to result in willingness to act. In fact, willingness to act 

increased not only if the receiver is a subordinate but also if the receiver perceives the request to be trustworthy 

and appreciative. Our crowdsourcing approach allowed us to understand the effectiveness of AI-generated text 

for email communication, and our findings suggest that future AI-assisted innovations should prioritize fostering 

trust, appreciation, and respect between communicators—factors that will remain decisive for cooperation even 

if AI systems become more advanced or approach superhuman capabilities.

1 . Introduction

Effective email communication has always been crucial in the work­

place. McKinsey research suggests that spending 7–8 min to enhance 

an email’s clarity and grammar can increase productivity by up to 

30% (McKinsey, 2012). Clearly articulating tasks in emails ensures that 

receivers understand and can act on them without confusion, whereas 

ambiguities can lead to prolonged clarification exchanges or incorrect 

actions (Sappelli et al., 2016; Lampert et al., 2008; Cohen et al., 2004). 

This principle also extends beyond email communication: unclear task 

instructions in crowdsourcing studies have necessitated the development 

of systems that help workers understand and execute tasks effectively, 

thus maintaining high-quality results with minimal dependence on the 

clarity provided by requesters (Manam and Quinn, 2018).

Recent advances in generative AI have introduced new dynamics 

into workplace email communication. Large Language Models (LLMs), 

such as GPT-4, are increasingly employed to compose or refine pro­

fessional messages. These tools are often acknowledged for enhancing 

fluency and clarity, particularly for non-native speakers or writers in­

experienced early-career professionals (Cambon et al., 2023; Dell’Acqua 

et al., 2023; Dhillon et al., 2024). However, their use also raises concerns 

about authenticity, trust, and emotional nuance. Several studies have 

found that recipients may perceive LLM-generated messages as insin­

cere or inauthentic (Hohenstein et al., 2023a; Hoque et al., 2024), while 
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others report that individuals often struggle to distinguish AI-generated 

content from human-written text and rely on flawed heuristics to make 

such judgments (Jakesch et al., 2023). Moreover, Kadoma et al. (2023) 

observed that although the style of the AI-generated message did not sig­

nificantly influence perceptions of inclusion, participants who felt more 

included also reported greater agency and ownership, especially among 

members of minority groups.

The use of generative AI in communication is not purely technical; 

it alters the nature of authorship, intent, and interpersonal align­

ment. Recently, Constantinides et al. (2025) introduced the concept 

of “blended work” to highlight how human-AI collaboration reshapes 

users’ sense of control, authenticity, and identity. As generative AI 

becomes embedded in daily communication workflows its impact on 

interpersonal relationships and how users prompt, trust, or reinterpret 

it demands closer empirical study.

Beyond writing quality, effective email communication depends 

heavily on interpersonal dynamics (e.g., power relationships, cultural 

expectations, and emotional tone). Emails written by a supervisor or 

by a more senior or a competent employee may be interpreted differ­

ently than those written by an equal-rank peer  (DeWall et al., 2011). 

Likewise, email styles vary across cultures in terms of formality, direct­

ness, and emotional expressiveness  (Holtbrügge et al., 2013; Meyer, 

2014). Additionally, the way emotions are expressed and interpreted in 

emails can lead to misunderstandings;  (Byron, 2008) found that em­

ployees often perceive emails’ emotional content as more negative or 

neutral than intended.

While prior research has examined the linguistic clarity and per­

ceived fluency of LLM-generated messages, much less is known about 

whether such messages motivate recipients to take action to the same ex­

tent as human-written ones, how subtle differences in emotional framing 

influence recipient motivation, and whether prompting strategies can 

help AI writers convey interpersonal intent more effectively. To address 

these gaps, we make two main contributions:

1. We conducted a cross-cultural crowd-sourced study (n = 266) 

comparing human- and LLM-generated emails, assessing how 

message source, perceived emotions, cultural alignment, and 

power dynamics influence recipients’ ratings of clarity and will­

ingness to act (Section 4).

2. We found that while LLM-generated emails were clearer than 

human-written ones, clarity alone did not predict willingness 

to act (Section 5). Instead, perceived emotional tone was the 

strongest predictor, with power dynamics playing a secondary 

role and cultural alignment showing no effect. Additionally, 

through thematic analysis, we identified phrasing strategies that 

mapped to specific emotional interpretations (e.g., trust vs. dis­

gust) and influenced willingness to act.

Our findings contribute to the emerging literature on human–AI 

communication and culturally-aware AI design (Section 6). They demon­

strate which prompting strategies can guide LLMs to produce text that 

elicits desired emotional responses and fosters recipient cooperation in 

email communication.

2 . Related work

Despite the growing adoption of LLMs in the workplace, under­

standing how AI-generated messages are interpreted across cultures and 

organizational hierarchies remains fragmented. Our study builds on 

three intersecting domains: emotional perception in mediated communi­

cation, cultural and power asymmetries in workplace discourse, and LLM 

prompt engineering. Together, these fields suggest rich possibilities for 

AI-enhanced messaging but also highlight unresolved tensions that our 

study addresses.

Emotional Perception and Action in Mediated Communication.

Emotions, expressed or inferred in text-based communication have long 

been recognized as critical to recipient responses. Early studies in 

computer-mediated communication (CMC) showed that emotional cues, 

even when implicit, shape compliance, cooperation, and trust Hancock 

et al. (2007); Byron (2008). Politeness markers, intensifiers, hedging, 

and acknowledgments serve as affective signals that influence whether 

a message is perceived as respectful, urgent, or neglectful.

Contemporary affective lexicons (e.g., Mohammad and Turney, 

2013; Mohammad, 2018) systematize these cues, while dimensional 

emotion models such as those proposed by Plutchik (1982, 2004);

Gunes and Pantic (2010) offer taxonomies for classifying textual af­

fect. Linguistic variability has been explored in learning contexts by 

Kort et al. (2001)), who identified scales such as anxiety-confidence 

and frustration-euphoria, and discussed strategies to transition from 

one emotional state to another in the learning process of memory re­

call. Recently, Jackson et al. (2019) challenged universal emotional 

categories, and suggested that emotion words may carry different 

meanings across cultures and languages. Boroditsky (2011) established 

that language shapes perception, and illustrated this in how native 

English, Japanese, and Spanish speakers remember events. Semin et al. 

(2002) discovered that representatives of interdependent cultures (e.g., 

Hindustani, Turks) express emotions mostly with verb-based relational 

phrases, while independent cultures (e.g., Dutch) do so with noun or 

adjective-based abstract phrases. Argaman (2010) shows that strong 

emotional expression linguistic markers include intensifiers, emotional 

vocabulary, repetitions, self-references and words derived from “feel”, 

and their use increases with emotional intensity. At the same time, 

emotionally strong messages contain fewer unique words than less 

emotionally intensive.

These findings suggest that perceived emotion is not simply a prop­

erty of a message, but a dynamic interaction between wording, culture, 

and context. The emotional component of messages should not be stud­

ied in isolation, as Russell (1991) noticed that emotion interpretation 

may have a culture-specific component. In addition to that, classic 

theories of power distance (Hofstede, 2011) and high- vs. low-context 

communication (Meyer, 2014; Hall, 1976) reveal that authority and in­

directness are not interpreted universally. This led us to include emotion 

and culture variables together with thematic analysis of workplace orig­

inated texts in our study. Moreover, relatively few studies link emotion 

perception directly with willingness to act, especially in AI-generated 

text, where emotional resonance may differ even when clarity is pre­

served. Similarly, most emotion detection efforts remain focused on 

sender intent, rather than receiver interpretation; a distinction that 

becomes crucial in LLM-mediated contexts, where authorship may be 

shared, obscured, or fully synthetic.

Cultural and Power Asymmetries. The emotional component of mes­

sages should not be studied in isolation, as Russell (1991) noted that 

emotion interpretation may have a culture-specific component. In addi­

tion to that, classic theories of power distance (Hofstede, 2011) and high- 

vs. low-context communication (Meyer, 2014; Hall, 1976) reveal that au­

thority and indirectness are not interpreted universally. For example, in 

high power distance cultures (e.g., India, Japan, Poland), workers often 

defer to positional authority, while low power distance cultures (e.g., 

the US, UK, Germany) favor flatter hierarchies and more participatory 

communication styles (Khatri, 2009; Ghosh, 2011). Another example 

would be that participants from Germany collaborated more equally, 

while those from Poland emphasized hierarchy in collaborative innova­

tion projects (Avelino et al., 2023). However, even within hierarchical 

structures, psychological ownership can override power distance effects 

and allow employees to have more agency in goal setting (Pervaiz et al., 

2024).

In multicultural teams, misalignment in tone or structure can lead 

to unintended emotional responses that range from confusion to of­

fense (Holtbrügge et al., 2013; Avelino et al., 2023). For example, 
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Meyer (2014) noted that Americans often misinterpret indirect or nu­

anced communication styles common in East Asian contexts. Dong et al. 

(2016); Wiggins (2012) also explored how intercultural relationship 

modeling can mitigate such challenges.

These dynamics persist in email even when the content is func­

tionally clear. Prior research has shown that the perceived status of 

the sender can moderate how a message is received (DeWall et al., 

2011), and that culturally incongruent styles can undermine cooper­

ation. However, current LLMs, trained on heterogeneous data, often 

default to dominant (e.g. Western, low-context) communication styles 

(Farid Adilazuarda et al., 2024). While some work aims to improve LLMs 

with cultural competence (Li et al., 2024), most empirical studies still 

assess LLM output in isolation, rather than in interactive contexts where 

power and culture are inferred by the recipient. Our study addresses this 

gap by treating both power cues and cultural alignment as perceptual 

phenomena, shaped by emotional tone and phrasing, and analyzing how 

these shape behavioral intentions.

LLM prompt engineering. Prior work on generative AI in email com­

munication has mostly focused on efficiency and clarity gains (Kannan 

et al., 2016; Das et al., 2021; Dell’Acqua et al., 2023). Experiments with 

GitHub Copilot (a tool that turns natural language prompts into coding 

suggestions) (Peng et al., 2023) and task-focused automation (Kokkalis 

et al., 2013) support the hypothesis that AI augments productivity. Yet 

concerns persist. Hoque et al. (2024); Hohenstein et al. (2023b) found 

that AI-generated emails are often viewed negatively due to concerns 

about authenticity. Moreover, concerns remain about cultural biases in 

AI-generated text (Kolisko and Anderson, 2023; Venkit et al., 2023), 

and the data used for its training (Inel et al., 2023; Hsu et al., 2022) 

indicating the need for careful implementation and monitoring (Bringas 

Colmenarejo et al., 2022). Previous research showed that workers in­

volved in AI training perceive these concerns seriously, and are even 

ready to incur some costs themselves for improving AI fairness (Treiman 

et al., 2023). Additionally, there is evidence that humans tend to per­

ceive the quality of AI-generated decisions negatively (Grgić-Hlača et al., 

2022).

Nevertheless, it has been shown that (generative) AI can signifi­

cantly improve and augment human productivity (Dell’Acqua et al., 

2023). In an experiment using GitHub Copilot, software developers com­

pleted tasks 55.8% faster with the assistance of an AI pair programmer 

compared to a control group without AI assistance (Peng et al., 2023). 

Kokkalis et al. (2013) demonstrated how extracting the tasks from emails 

with AI tool for crowd-sourcing workers allowed them to increase their 

task completion rate almost twofold (from 29.3% to 58.4%). Another 

study using deep-learning algorithms on Enron1 email exchanges re­

vealed optimal working hours and productivity patterns (Das et al., 

2021). Similarly, one may hypothesize that writing emails with AI 

can enhance overall productivity, leading to effective email commu­

nication (Nugroho et al., 2023). Jovic and Mnasri (2024) studied the 

efficiency of various chatbots (ChatGPT-3.5, Bard, Llama 2.0, and Bing 

Chat) in conveying messages to recipients based on customer experience 

scenarios (e.g., refusal of a refund and client complaints) and typical of­

fice situations (e.g., a request to the manager to approve remote work). 

The most consistent results were observed in the Llama model; however, 

it was reported that all models struggled with understanding emotional 

context and technical aspects of the messages. The research made con­

clusions on the efficiency using a specifically designed rubric and the 

grading was done by the researchers. Apart from enhancing the clarity 

of messages, researchers have also studied the ability of AI to convey 

calls to action. Carrasco-Farre (2024) noticed that lexical and grammat­

ical complexity of the AI-written texts, along with the moral language 

used by a particular LLM, could be potential reasons why AI-generated 

content can be as persuasive as content written by humans.

1 Enron was an American energy, commodities, and services company.

Prompt engineering has emerged as a critical tool for steering LLM 

output, not just in content but in tone, emotion, and relational posi­

tioning. Studies show that even minimal changes in prompts can induce 

substantial shifts in affect and coherence Dhillon et al. (2024); Salinas 

and Morstatter (2024). As these findings often rely on expert ratings 

or benchmark tasks rather than on the writer’s intended emotions or 

stance, it is important to note that Buechel and Hahn (2022) demon­

strated the dominance of the reader’s emotional perspective in achieving 

high inter-annotator agreement among experts. Similarly, Braun et al. 

(2020) found that readers tend to perceive both negative and positive 

emotions in written text more strongly than the author intended, and 

that agreement is generally higher among annotators themselves than 

between authors and annotators.

Gandhi and Gandhi (2025) argue that prompt sentiment serves as a 

“catalyst” for stylistic control, yet they stop short of identifying which 

linguistic forms correspond to specific emotional outcomes in natu­

ralistic writing. Additionally, although sampling parameters such as 

temperature influence the variability of LLM outputs Renze (2024), most 

non-expert users do not adjust them. Instead, they rely on prompt rewrit­

ing, as public LLM tools rarely provide easy-to-use controls for changing 

model parameters.

Our linguistic analysis contributes to this emerging literature by iden­

tifying which phrasing strategies (in both human- and LLM-generated 

messages) correlate with specific perceived emotions and higher will­

ingness to act. Through thematic analysis, we identified how gratitude, 

criticism, support, and time-respect cues shape perceived emotions such 

as trust, disgust, or fear.

Research Gaps. In summary, previous works have mainly studied the 

clarity and usefulness of AI-generated messages(Peng et al., 2023), the 

cultural variation in email interpretation (Meyer, 2014; Holtbrügge 

et al., 2013), the influence of emotional tone on behavior (Brundin et al., 

2008; Hancock et al., 2007), and the role of prompting in AI output 

tone (Dhillon et al., 2024). However, only a few studies have identified 

how LLMs impact motivation of readers to perform a task, particularly 

when their emotional tone is misaligned or socially ambiguous, and 

which linguistic strategies (especially in AI-mediated text) map to spe­

cific emotional interpretations and behavioral responses in real-world 

tasks.

To address these gaps, we conducted a cross-cultural, crowd-sourced 

study comparing human and LLM-generated emails. Our work analyzes 

not only recipient ratings of clarity and willingness to act, but also the 

underlying emotional, cultural, and hierarchical cues that shape those 

outcomes. Through thematic analysis, we identified concrete phras­

ing patterns that correspond to specific emotional reactions, and offer 

practical insights for prompt designers and AI writing support tools.

3 . Author positionality statement

We situate ourselves in a Western country during the 21st cen­

tury, writing as authors primarily engaged in academic and industry 

research. Our team comprises one female and two males from Southern 

and Eastern Europe with diverse ethnic and religious backgrounds. Our 

combined expertise covers a range of areas, including human-computer 

interaction (HCI), ubiquitous computing, software engineering, arti­

ficial intelligence, project management, and telecommunications. As 

researchers from a primarily Western institution, we recognize the need 

to expand the methodological perspectives discussed in this paper and 

take responsibility for the content and interpretations of our findings. 

Our diverse backgrounds and institutional context likely shaped our ap­

proach to selecting methodology, designing our study, and interpreting 

the data.

4 . Methodology

Prior studies have demonstrated productivity gains without accuracy 

loss for regular office tasks when office workers are augmented with 

AI (Dell’Acqua et al., 2023; Cambon et al., 2023). However, the extent 
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Fig. 1. Send-and-receive email procedure. Unique emails generated by Polish (23 emails), US (23 emails) and LLM senders (8 emails). These emails were replicated 

and sent in a random order to 133 receivers from Poland and 133 receivers from US.

to which AI can help in email communication and the role of power 

dynamics, culture and emotions in this process has not been fully stud­

ied. To address this gap, we set out to study whether power dynamics, 

cultural and emotional factors are associated with effective email com­

munication, and the extent to which generative AI technology can help 

improve it. To this end, we formulated 2 Research Questions (RQs):

RQ1: Do human-generated emails differ from LLM-generated ones in 

terms of task clarity and willingness to act upon an email?

RQ2: What is the role of cultural background, power differences, and 

perceived emotions in people’s willingness to act upon emails, 

and to what extent do LLMs’ prompting strategies relate to the 

impact of these factors?

To answer our RQs, we conducted a crowd-sourcing study wherein 

participants (called “receivers”) annotated two sets of emails (one gen­

erated by humans—called “senders”, and another generated by LLM) 

in terms of clarity and willingness to perform the task communicated 

in those emails. The study was approved by Nokia Bell Labs. Next, we 

describe the crowd-sourcing study setup. 

4.1 . Participants

We used Prolific2 to recruit participants, considering a number 

of criteria including cultural differences, work expertise, and level of 

education.

To account for cultural differences, we recruited participants from 

two “culturally distant” countries, that is, the United States (US) and 

Poland. This choice was based on two factors. First, according to Meyer 

(2014), these two countries have different cultures, which can signif­

icantly influence the way individuals perceive and interact with the 

world. For example, Poles are considered to be more high-context 

(i.e., relying more on the non-verbal cues and implicit messaging), 

relationship-based and direct in giving feedback than individuals from 

the US (Meyer, 2014). Hofstede (2011) mentions that Poland, with 

its Central European heritage, often exhibits more collectivist tenden­

cies where community and family ties play a more prominent role in 

decision-making and social behavior. In contrast, in Hofstede’s terms, 

the US is typically characterized by individualistic values, emphasizing 

personal achievement and independence (Hofstede, 2011). Also, accord­

ing to (Meyer, 2014), the US demonstrates low-context communication, 

2 https://www.prolific.com/.

where spoken or written information explicitly contains the meaning of 

the message.

Second, after examining several “culturally distant” country pairs as 

per (Meyer, 2014)—including Mexico-US, India-US, and France-US—we 

found that, at the time of executing the study, only the Poland-US pair 

had a sufficient number of Prolific participants to achieve the statis­

tical power necessary for our analysis. Additionally, we required that 

participants spend most of their time until the age of 18 in their re­

spective country, thus controlling for any language bias. It is important 

to state that prior studies have shown that humans acquire directional 

bias only after becoming literate in their native language during school 

days (Dobel et al., 2007). This bias manifests in all languages so that the 

spatial positioning of an English native speaker and any other language 

native speaker expressed in English language will differ. Since schooling 

can be completed by the age of 18 in most countries, we assume that if an 

individual remained in their home country until that time, they would 

demonstrate positional or other biases, which are influenced by their 

native language when writing in English.

For work expertise, we chose knowledge workers by limiting the 

industries where participants work to information technology, telecom­

munication, and finance, and the level of education equal to or above 

college level. Both work expertise and level of education were used 

as controls for participants who are more likely to engage with cor­

porate email communication. However, no restriction was implied on 

the participants’ position in corporate hierarchy or current employment 

status.

Participants’ ages ranged between 18 and 65 years, with 31 years as 

the median age for both senders and receivers. Due to the randomized 

email send-and-receive procedure (Fig. 1) and data quality checks, we 

did not aim to achieve absolute gender parity among the respondents. 

Instead, we aimed for minimum possible difference between gender 

counts. In total, our sample included 17 female and 29 male senders, and 

125 female and 141 male receivers. Each participant was compensated 

at an average hourly rate of $11, and paid in their local currency. This 

rate was higher than the minimum rate of $8 recommended by Prolific 

for both countries. The average completion time for senders’ tasks was 

12.6 min, and for receivers’ tasks was 9.27 min. Demographics of the 

senders and receivers are provided in Tables 1 and 2.

4.2 . Materials

To prompt participants to write emails, a set of 4 use cases was con­

structed by a project management professional (certified practitioner) 

with more than 15 years of experience in a large technology company, 
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Table 1 

Sender’s country of residence, gender, median age, education, and the number 

of written emails.

Country Gender Median age Education Email count

Poland Female 25 Graduate degree 3

Undergraduate degree 4

Technical/community college 2

Male 27 Doctorate degree 1

Graduate degree 2

Undergraduate degree 7

Technical/community college 4

US Female 36 Graduate degree 2

Undergraduate degree 5

Technical/community college 1

Male 32 Graduate degree 6

Undergraduate degree 8

Technical/community college 1

Table 2 

Receivers’ country of residence, gender, median age, education, and the number 

of emails they rated.

Country Gender Median age Education Email count

Poland Female 29 Graduate degree 35

Undergraduate degree 20

Technical/community college 5

Male 26 Doctorate degree 1

Graduate degree 31

Undergraduate degree 20

Technical/community college 21

US Female 37 Doctorate degree 4

Graduate degree 7

Undergraduate degree 38

Technical/community college 16

Male 36 Doctorate degree 2

Graduate degree 11

Undergraduate degree 41

Technical/community college 14

and further verified by two experienced project managers from our 

institution. According to the Project Management Body of Knowledge 

book (PMBOK 7th edition), the four use cases can be mapped to the 

following ‘methods’ domains (Project Management Institute, 2021): 

Data Gathering and Analysis (Case 1 and Case 2), Estimating (Case 3), 

Meetings and Events (Case 4).

Cases were designed in a way that allowed testing the differences 

in clarity, willingness to act, and perceived emotions not only for two 

culturally diverse groups, but also for situations where the sender and 

receiver have same or different power levels. Each case contained the 

following:

• Task description (e.g., provide a spreadsheet with costs, a Word 

document with system details)

• Sender’s position and qualifications, if any (e.g., experienced 

Solution Architect)

• Receiver’s position and qualifications, if any (e.g., Project 

Manager)

• Potential emotional trigger for the sender (e.g., past performance 

of the receiver on a given task).

Out of four cases, one (Case 1) had the same power level for sender 

and receiver. The remaining three cases (Cases 2-4) displayed a higher 

power difference between sender (manager) and receiver (subordinate). 

Table 3 describes the main features of the four use cases, and their 

detailed descriptions are available in the Appendix.

4.3 . Procedure

The study included two steps with human involvement: writing 

emails by a group of “senders” (generating emails3) and processing them 

by another group of “receivers” (responding to emails). Note that we did 

not allow a receiver to be a sender. Also, the receiver was not aware of 

cultural, educational, or any other background of sender and was not 

aware whether the email was written by human or AI. The procedure is 

shown in Fig. 1 and the interface in which both senders and receivers 

performed the requested tasks is shown in Fig. 2.

Generating emails (senders). For human-generated emails, each 

sender was presented with a description of a randomly selected use case, 

and was tasked with writing an email of 150–250 words in length to 

the person mentioned in the case. We explicitly instructed participants 

not to use generative AI tools (e.g., ChatGPT) for writing, to spend no 

more than 5–9 min on the task, and to use all relevant context from the 

use case’s description. We did not prescribe emotional tone, persuasion 

strategies, or linguistic style, as our aim was to capture the natural vari­

ance in affective and interpersonal expression. Subsequently, emotions 

and tone were evaluated through third-party perception (subsequently 

described in “Responding to emails”). We did not attempt to ask senders 

what emotions they wanted to express in the email, and captured only 

perceived rather than intended message affect, as Braun et al. (2020) 

shows that emotional perception of the message by senders and read­

ers can differ and for us perceived emotion is more important as it may 

impact the receiver’s motivation to perform the task.

For LLM-generated emails, we used the same use cases as input to 

OpenAI’s GPT-4 model. We chose GPT-4 because it was the best per­

forming model4 (OpenAI, 2023) at the time of executing the study in 

November–December 2023. We used two prompting strategies:

• Prompted simply with “write a 150–250 word email using the infor­

mation in the use case”. We labeled emails generated like that as 

𝐿𝐿𝑀𝑔𝑒𝑛𝑒𝑟𝑖𝑐
• Prompted with “write a 150–250 word email using the information 

in the use case, and include explicit descriptions of emotions regarding 

the situation described in the use case”. This portion of emails was 

labeled as 𝐿𝐿𝑀𝑒𝑚𝑜𝑡𝑖𝑜𝑛−𝑎𝑤𝑎𝑟𝑒

As recent research has shown, small changes in prompt design can 

significantly impact semantic output and tone (Salinas and Morstatter, 

2024), and users’ prompting strategies act as a crucial mediating 

layer in AI-augmented communication. As an LLM can already am­

plify a prompt’s emotional bias (Gandhi and Gandhi, 2025) caused 

by emotionally-provoking situations in our use cases, we chose two 

prompting strategies above to define whether a regular prompt with 

no reference to any emotions, or an explicit request to express some 

emotions will be more efficient for motivating a reader to complete the 

task.

We intentionally generated just one email per use case for each of 

the two prompts and used default Chat GPT temperature and top_p 

parameter values to simulate a typical user experience with publicly 

available LLM tools where changing those parameters is not a typical 

user behavior. Replicating precise generation conditions months later 

may become infeasible, making our focus on prompt design a more sta­

ble and generalizable point of comparison. Also, Renze (2024) shows 

limited effect of temperature changes on LLM prompting results, while

3 In addition to human-generated emails, we produced another set of LLM-

generated emails.
4 https://lmsys.org/blog/2023-06-22-leaderboard/.
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Table 3 

The four use cases’ characteristics; power dynamics (i.e., sender and receiver positions), the potential emotional trigger for the sender, and the task description.

Use 

case

Sender position Receiver position Emotional trigger Task description

1 Solution Architect Solution Architect Sender knows that the receiver’s project in the past 

was done successfully.

To share receiver’s past experience in the similar project (risks, 

limitations, extra integration steps)

2 Project Manager Project Team member PM suspects that there will be cost overrun in the 

project

To download workload and financial raw data from corporate tool 

and make a summary table

3 Consultant 

Engagement Lead

Domain Experts One of the experts failed the similar task last time 

and the team lost the bonus

To estimate the workload and describe the list of tools for the new 

project based on the past experience

4 Program Manager Project Manager Program manager heard a good feedback on 

Project manager’s performance for past projects

To give the Project manager reporting guidelines and encourage 

him to use best practices of Program manager team for customer 

calls preparation.

Fig. 2. Qualtrics survey used in the study. (a) Example scenario description shown to senders, who were asked to compose an email in response. (b) Interface shown 

to receivers to rate the clarity of a randomly assigned email. (c) Follow-up interface where receivers indicated their willingness to perform the described task. (d) 

interface where receivers labeled the emotions they perceived in the email, choosing from a predefined list or entering their own. All tasks were presented sequentially 

in Qualtrics, with receivers viewing only one email each.

Salinas and Morstatter (2024) opts to use temperature=0. Examples 

of emails generated both by humans and LLM are provided in 

Appendix A.3.

Responding to emails (receivers). After obtaining both the human- 

and LLM-generated emails, we randomly assigned them to a country-

balanced group of receivers. Each receiver had seen only one email from 

an entire email corpus (to prevent carry-over effects or contrast bias), 

and was tasked to:

• Rate the email’s clarity on a Likert scale from 1–10 (1 indicating 

“vague”, 5 indicating “neutral”, and 10 “clear”).

• Rate the email’s willingness to perform the task expressed in the 

email on a Likert scale from 1–10 (1 indicating “not willing”, 5 

indicating “neutral”, and 10 “willing”). These scores were scaled 

between 0 and 100.

• Pick from a pre-defined list of eight emotions all emotions which 

they believe the sender is experiencing towards them. In case there 

was no label in the list which best expressed the sender’s attitude 

towards the receiver, they had the opportunity to propose new one.

Examples of how those questions to a receiver looked in the poll UI 

are displayed in Fig. 2. This third-party annotation approach reflects 

best practices in emotion perception research, especially where sender 

intent is unknown or not explicitly encoded, such as in short messages or 

mediated communication (Mohammad, 2018; Gunes and Pantic, 2010.

To ensure statistical power in our analyses, we first determined the 

number of receivers needed. Using the F-test ANOVA from the G*Power 

tool (Buchner, Axel and Erdfelder, Edgar and Faul, Franz and Lang, 

Albert-Georg , 2007), we found that with an expected effect size of 0.3, a 

sample size of around 256 receivers would be sufficient to achieve statis­

tical power of 95% at a significance level of 0.05. Then, we determined 
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Table 4 

Agreement rate per emotion domain between two and three annotators.

Number of annotators agreed Trust Disgust Anger Fear Anticipation Joy Surprise Sadness

2 annotators 100% 50% 80% 57% 100% 100% 100% 100%

3 annotators 50% 0% 20% 29% 100% 67% 100% 100%

Number of labels 205 24 9 79 37 27 6 11

that we needed 43 receivers in each of the six combinations of sender–re­

ceiver pairs (i.e., Poland, US, LLM). Therefore, Polish and US sender 

groups had to write 43 emails each. Since each sender group sends only 

a small number of emails, it is difficult to determine whether the differ­

ing responses from two receiver groups are due to specific characteristics 

of an individual sender’s email read by a particular group, or if they re­

flect broader cultural or linguistic differences among the receiver groups. 

To mitigate this issue, we have implemented a control measure where 

receivers from both countries will receive the same set of emails. This 

means that Polish and US groups of senders will write a batch of 23 

emails each (i.e., 46 unique emails will be written in total), and each 

batch will be replicated and sent to both US and Polish receivers.

For LLM-generated emails, we produced 1 unique email5 per use case 

for each type of LLM (i.e., 𝐿𝐿𝑀𝑔𝑒𝑛𝑒𝑟𝑖𝑐  and 𝐿𝐿𝑀𝑒𝑚𝑜𝑡𝑖𝑜𝑛−𝑎𝑤𝑎𝑟𝑒). For dis­

tributing both human-generated and LLM-generated emails to receivers, 

we first replicated the unique emails to ensure that the statistical power 

was maintained, and then we randomly assigned them to the two groups 

of receivers (i.e., Poland and US). In total 266 Polish and US receivers 

obtained 84 emails from Polish senders, 93 from US senders, and 89 writ­

ten by the LLM. Out of LLM-generated emails, 43 emails were written 

by 𝐿𝐿𝑀𝑔𝑒𝑛𝑒𝑟𝑖𝑐  and 46 by 𝐿𝐿𝑀𝑒𝑚𝑜𝑡𝑖𝑜𝑛−𝑎𝑤𝑎𝑟𝑒.

4.4 . Emotion label mapping

To synthesize and standardize emotion annotations done by re­

ceivers, we mapped all emotion labels to Plutchik’s Wheel of Emotions 

Plutchik (1980), a widely used taxonomy in emotion research that cap­

tures eight primary emotion categories: joy, trust, fear, surprise, sadness, 

disgust, anger, and anticipation.

The annotation process involved three independent researchers who 

categorized each emotion label provided by participants into one or 

more Plutchik categories. When necessary, labels were mapped to dyads 

(combinations of two adjacent Plutchik emotions) if the affective nuance 

was better captured in that way.

Agreement was distributed as follows: in 36% of cases all three an­

notators agreed, and the label was directly retained; in approximately 

45% of cases two annotators agreed while one disagreed, in which case 

the majority label was adopted (bringing the total pairwise agreement 

to about 81%); and in the remaining 19% of cases all three annotators 

disagreed, where consensus was reached through discussion. Previous 

research has shown that agreement tends to be lower for nuanced or 

interpersonal communication contexts due to inherent ambiguity in 

emotional expression Devillers et al. (2005). Even when we binarized 

Plutchik’s emotions (i.e., computed the distribution for positive emo­

tions vs. the negative ones, we obtained an agreement of 60% for positive 

and 19% for negative between three annotators. The agreement rates 

and number of labels per emotional domain are presented in Table 4, 

and the total number of labels is greater than the number of emails as we 

allowed a receiver to assign several emotions to the email, such that one 

email could have multiple labels. The highest agreement rates were on 

the positive emotional domains (trust, anticipation, joy), and the lowest 

on the negative domains (disgust, anger).

5 By limiting the output to one email per case, we intended not to intro­

duce any other factors to our study design related to the model’s parameters. 

However, we initially experimented with generating multiple versions of the 

same email, which resulted in only slight textual variations.

4.5 . Dataset

After collecting the data, we performed three post-processing steps: 

a) conducted quality checks and filtering, primarily aimed at remov­

ing AI-generated answers and correcting spelling errors; b)collected 

responses with the demographic information provided by Prolific; and 

c) mapped the emotions labeled by humans to the eight emotional cat­

egories according to the Plutchik’s wheel of emotions (Plutchik, 1984): 

trust, fear, surprise, sadness, disgust, anger, anticipation, and joy. The 

emotion annotation was conducted by three independent researchers, 

who initially agreed on 36% of the cases. They resolved disagreements 

through collective discussion to reach a consensus. The procedure and 

mapping are described in the Appendix.

The final dataset contained 266 observations for the variables “task 

clarity”, “willingness”, and the type of email “isLLMGenerated” (i.e., 

a binary variable indicating whether the email was human-generated 

or LLM-generated; 1 indicates LLM-generated email, and 0 indicates 

human-generated email). Additionally, it contained the following vari­

ables: “origin combination” indicating the sender’s and receiver’s ori­

gin (i.e., US-US, US-Poland, Poland-Poland, Poland-US, 𝐿𝐿𝑀𝑔𝑒𝑛𝑒𝑟𝑖𝑐 -US, 

𝐿𝐿𝑀𝑔𝑒𝑛𝑒𝑟𝑖𝑐 -Poland, 𝐿𝐿𝑀𝑒𝑚𝑜𝑡𝑖𝑜𝑛−𝑎𝑤𝑎𝑟𝑒-US, 𝐿𝐿𝑀𝑒𝑚𝑜𝑡𝑖𝑜𝑛−𝑎𝑤𝑎𝑟𝑒-Poland); the 

“type” indicating whether the “sender” was “human” 𝐿𝐿𝑀𝑔𝑒𝑛𝑒𝑟𝑖𝑐  or 

𝐿𝐿𝑀𝑒𝑚𝑜𝑡𝑖𝑜𝑛−𝑎𝑤𝑎𝑟𝑒; the “power equality” between the sender and receiver 

(1 indicates same power level and 0 indicates different level); and a 

set of binary emotional variables: “trust”, “fear”, “disgust”,“surprise”, 

“sadness”, “anticipation”, “joy”, “anger”.

5 . Results

Before conducting any analysis, we examined the normality of our 

variables (i.e., task clarity and willingness) using Shapiro-Wilk normal­

ity test, and found that both were not normally distributed (task clarity: 

𝑊 = 0.92, 𝑝 < 0.001; willingness: 𝑊 = 0.95, 𝑝 < 0.001). Therefore, 

we used a non-parametric Mann-Whitney U test for comparing two 

groups of continuous variable values and a non-parametric Random 

Forest model for fitting regression of continuous variables versus the set 

of categorical variables. Additionally, due to multiple tests being applied 

to the same data, we adjusted the 𝑝-values using Bonferroni correction.

RQ1: Do human-generated emails differ from LLM-generated ones in 

terms of task clarity and willingness to act upon an email?

LLM improves clarity of the emails. We compared the average task 

clarity values for both human-generated and LLM-generated emails. The 

LLM-generated emails performed better, with an average score of 72.9% 

(SD=27.8), for a combination of “𝐿𝐿𝑀𝑒𝑚𝑜𝑡𝑖𝑜𝑛−𝑎𝑤𝑎𝑟𝑒” and “𝐿𝐿𝑀𝑔𝑒𝑛𝑒𝑟𝑖𝑐”. 

In contrast, human-generated emails scored only 60% (SD=20.3). We 

found a statistically significant difference in task clarity between LLM-

generated and human-generated emails (𝑝 < 0.007 after Bonferroni 

correction), with the absolute rank-biserial correlation effect size of 

0.13. The distributions of scores are shown in Fig. 3.

LLM does not improve the willingness to act upon the email.

The average willingness to act upon LLM-generated emails was 69%, 

representing a marginal increase of 10% over the average scores for 

human-generated emails which were 63%. Standard deviations of both 

groups were close to each other, with a value of 25% for the human-

generated emails and 24% for the LLM-generated ones. There was no 

statistically significant difference in willingness to act between LLM-

generated and human-generated emails (𝑝 = 0.05 after Bonferroni 

correction).

International Journal of Human - Computer Studies 210 (2026) 103770 

7 



M. Polupanova, M. Constantinides and D. Quercia

Fig. 3. Distribution of the clarity (a) and willingness (b) scores for generated and human-authored emails.

Summary: As one expects LLMs have indeed improved the clarity 

of emails. In fact, a previous study highlighted that generative AI im­

proves the clarity in academic writing (Santiago Jr et al., 2023). This can 

be explained by the capabilities of LLMs to produce fewer grammatical 

errors, while maintaining the same vocabulary as human writers (Lee 

et al., 2022), or to produce texts that are more complete, cohesive, and 

coherent than those written by humans (Tirado-Olivares et al., 2023). 

However, we did not find any evidence that LLMs moved our partici­

pants to action. To test which factors may influence people’s willingness 

to act upon LLM-generated emails, we tested three hypotheses.

RQ2: What is the role of cultural background, power differences, and 

perceived emotions in people’s willingness to act upon emails, and to 

what extent do LLMs’ prompting strategies relate to the impact of these 

factors?

H1: The willingness to act upon an email increases if sender and receiver 

share the same cultural background.

Previous studies found that people from different cultures share in­

formation with each other in different ways (He et al., 2010). For 

example, East Asians generally tend to consider the group’s needs 

and viewpoints in their communication (sociocentric behavior), while 

Pakeha are more focused on individual needs and self-expression (id­

iocentric behavior) (Pekerti and Thomas, 2003). Building on these 

findings, one may hypothesize that, in our case of email communica­

tion, when both the sender and receiver of a message share the same 

cultural communication style—be it sociocentric or idiocentric—they 

might more effectively persuade one another. As a result, this alignment 

could potentially lead to a higher willingness on the part of the receiver 

to perform a task, as compared to scenarios where their communication 

styles differ. This hypothesis draws on the idea that shared communica­

tion styles based on culture may enhance understanding and motivation 

to act upon a task.

To test this hypothesis, we conducted a Mann-Whitney U test on a 

dataset slice that contains only human-generated emails. We did not in­

clude LLM-originated emails in this test as even though largest LLMs 

are trained predominantly on English corpora, training corpus usually 

contains data in other languages (an example would be disclosures from 

LLaMA development team Touvron et al., 2023), so we cannot label 

LLM emails as emails originated by a single culture. Therefore, we 

compared two types of emails: one where the sender and receiver are 

from the same country (same-country group), and another where the 

sender and receiver are not from the same country (non-same-country 

group). The average willingness to act for the same-country group was 

67.3%, which was higher than for the non-same-country group (58.5%). 

However, after adjusting the 𝑝-value with Bonferroni correction, Mann-

Whitney U test showed no statistical difference in the willingness to act, 

regardless of the sender and receiver’s country of origin combination 

(𝑊 = 3122.5, 𝑝 = 0.02). Therefore, we reject H1.

H2: The willingness to act upon an email increases if the recipient is 

subordinate.

Previous research has shown that an individual’s awareness of their 

own high power level can decrease their motivation to engage in rou­

tine and uninteresting tasks (DeWall et al., 2011). Additionally, studies 

indicate that groups with significant power disparities tend to perform 

better when the member with the highest power is also the most com­

petent (Tarakci et al., 2016). Based on these insights, we hypothesize 

that if the sender holds a higher power level than the receiver, the re­

ceiver may be more inclined to complete the task, potentially leading to 

enhanced task completion efficiency within the group.

To test this hypothesis, we analyzed the full dataset of emails (both 

human- and LLM-generated). We defined power levels strictly based on 

use cases’ descriptions, ensuring that neither human nor LLM “senders” 

creating the emails could modify these definitions. Among the four use 

cases, we had one case with the same power level between the sender 

and receiver, and three cases with different power levels (i.e., a man­

ager wrote an email to a subordinate). This allowed us to test if the 

receiver’s willingness to act upon the task differed in these two situa­

tions. Upon comparing the two groups (i.e., one with the same power 

level and the other with different power levels), we found a statistically 

significant difference in the willingness to act (𝑝 < 0.007 after Bonferroni 

correction). This means that if the sender is of a higher power level, the 

receiver is more willing to act (70%) on average than in the case when 

both sender and receiver have the same power level (54.6%). Therefore, 

we accept H2.

H3: The willingness to act upon an email increases if the receiver perceives 

positive emotions in the email.

Previous works explored how various factors (e.g., competency, 

benevolence, communication quality, integrity, and consistency) affect 

the trust level at work (Sekhon et al., 2014). Kiuru et al. (2020) demon­

strated that the emotions a worker feels at the start of a task can 

influence both the amount of effort they put into the task and the 

eventual outcomes. Brundin et al. (2008) found that managers’ appre­

ciation and expression of satisfaction in a project propagate positively 

to their subordinates. In contrast, expressing frustration has the oppo­

site effects. Therefore, one may hypothesize that the emotional context 

set by a manager at the outset of a task (in an email) significantly 

impacts employees’ motivation and behavior. Positive emotional expres­

sions (e.g., satisfaction) may increase employees’ willingness to take 

initiative and act upon tasks. Conversely, negative expressions (e.g., frus­

tration) may decrease their willingness to engage actively and act upon

tasks.
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Fig. 4. Random forest models’ feature importance on: (a) eight emotions (trust and disgust were the most important features); and (b) eight emotions and power 

level (trust and power level were the most important features).

To test this hypothesis, we used the full dataset of emails (both 

human- and LLM-generated) and conducted two tests: one to check the 

difference between willingness to act upon a task for groups of receivers 

perceiving positive and negative sentiment while reading emails, and an­

other to identify which emotion categories affect receivers’ willingness 

to act upon the tasks expressed in the emails.

By running a Mann-Whitney U test for two groups of receivers ex­

periencing positive and negative sentiment, we found a statistically 

significant difference between the two groups (𝑝 < 0.007 after Bonferroni 

correction). On average, we found that the receiver’s willingness to act 

upon the task increased by 24% in case of perceived positive emotions 

(71.7%) compared to negative ones (58%). To identify which emotion 

categories affect receivers’ willingness to act upon emails, we fitted a 

Random Forest model. Unlike previous non-parametric tests, this model 

can help in identifying the relative importance of each emotion, allow­

ing us to determine the most influential one(s). Our model explained 

17.14% of the variance (OOB = 520.1), with the most predictive emo­

tions being “trust” and “disgust” (Fig. 4(a). This is further supported 

by the fact that the median willingness to act for emails labeled as 

“trust” was 72% and for “disgust” was 39.5%. Therefore, we accept

H3.

Given that these two factors are important independently, we then 

tested them in conjunction. By fitting another Random Forest model with 

both the emotion categories and the power level, the model explained 

24.68% of the variance (OOB = 472.7) with the most predictive features 

being the trust and the power level (Fig. 4(b). This means that whenever 

an email conveyed trust and the sender held a higher power level than 

the receiver, the receiver was more willing to act upon it.

Apart from culture, power and emotions, we have explored impact 

of education level and age of senders and receivers on willingness to act 

and clarity. For that, we fit a random forest regression model for willing­

ness versus education level and age of senders and receivers with only 

human-generated emails (as we cannot confirm LLM notion of age and 

education). The model was trained using 500 trees, with 1 variable tried 

at each split. The model explained only 0.03% of the variance (OOB = 

708.7), indicating poor predictive performance. Cross-validation results 

further confirmed the lack of predictive power, with R-squared values 

close to zero and high error metrics (e.g., RMSE = 25.22, MAE = 20.57 

for ‘mtry = 2‘). These results suggest that the sender’s age and education 

level do not provide meaningful information for explaining receivers’ 

willingness to act and perceived clarity of the email.

Qualitative analysis of emails from the most impactful emotional 

categories. Upon reviewing the emails across the range of willingness to 

act scores, we found that 113 out of 126 emails in the two upper quartiles 

were labeled with trust, while only two had a disgust label (with no 

disgust labeled emails in the 4-th quartile). Conversely, in the two lower 

quartiles, 20 out of 127 emails were labeled with disgust (with 14 emails 

in the 1-st quartile). Overall, the dataset contained 24 disgust labels and 

204 trust labels. This indicates that nearly all the least successful emails 

were associated with disgust, while the majority of the most successful 

emails were linked to trust. Given that these two emotions were previ­

ously identified as the most influential predictors of willingness to act, 

we thematically analyzed the emails in the two bottom quartiles asso­

ciated with disgust and those in the two top quartiles associated with 

trust.

Thematic analysis was conducted using a combination of open and 

axial coding (Clarke and Braun, 2021). Next, we discuss the most 

prominent themes, and support each theme with phrases identified in 

emails. When interpreting these results, remember that we mapped6 the 

emotion labels to Plutchik’s basic emotional categories (Appendix).

For emails labeled with ‘trust’, we identified the following themes: 

“acknowledgment of receiver’s expertise”, “expression of gratitude and 

appreciation to receiver”, “acknowledgment of receiver’s time value”, 

“offering support and clarification for the task”, “trust in receiver’s abil­

ities”. The first theme (“acknowledgment of receiver’s expertise”) is 

about the use of positive words towards the receiver as well as receiver’s 

past successful deliverables (e.g., “I’ve heard great things about your pre­

vious work”; “Your opinion is very important to me, because as a security 

policy specialist, you will help me…”.) The second theme (“expression of 

gratitude and appreciation to receiver”) highlights the importance of ac­

knowledging the receiver’s effort and potential contribution to the task 

(e.g., “Both the client and I appreciate any assistance you can provide.”; “I 

appreciate your help in this matter and look forward to your contributions 

to the spreadsheet.”). The third theme (“acknowledgment of receiver’s 

time value”) emphasizes the sender’s recognition of the receiver’s busy 

schedule and the importance of their time (e.g., “Please let me know your 

availability and I will be happy to work around your schedule”; “I under­

stand that you have a lot on your plate”). The fourth theme (“offering 

support and clarification for the task”) focuses on the sender’s readi­

ness to assist and provide detailed explanations, particularly when the 

task involves complex technical elements (e.g., “Please reach out with 

any questions.”; “I hope everything is clear; if not, please do not hesitate to 

ask.”). Finally, the fifth theme (“trust in receiver’s abilities”) is about 

expressing confidence in the receiver’s skills and competence to handle 

6 “Trust” included the labels: respectful, supporting, encouraging, polite, 

understanding, assertive, directive, formal, flattering, and highly expectant. 

“Disgust” included: neglecting, blaming, pretentious, in a hurry, annoyed, 

hurried, brief, and rushed.
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the responsibilities assigned to them (e.g., “I am confident that you will 

handle these responsibilities efficiently”; “I trust in your ability to convey this 

information accurately and promptly”).

For emails labeled with ‘disgust’, we identified the following themes: 

“neglecting receiver’s time”, “deciding upon the receiver”, “blaming”, 

“machine talk”, “using idioms or jargon”. The first theme (“neglecting 

receiver’s time”) relates to situations where the sender indirectly sug­

gests that the receiver’s time is less valuable (e.g., “I don’t have much 

time to study the product—and to be honest I need your help.”). The second 

theme (“deciding upon the receiver”) involves senders making assump­

tions or decisions about the receiver’s time and capacity to complete 

tasks. It is characterized by senders dictating how long tasks should take 

or whether the receiver is able to undertake them, regardless of their ac­

tual capacity or existing workload (e.g., “I don’t think this will take a lot 

of your time”; “I understand that you have a lot on your plate, but this is 

a high priority task”.) The third theme (“blaming”) is about situations 

where the sender blames their own team, the receiver or a situation 

(e.g., “The project deadline was committed without considering the learning 

curve for a new product like this”; “The team expended more time on our 

current project than anticipated”). The fourth theme (“machine talk”) is 

identified in emails that deliver a factual, straightforward description of 

the task without offering any rationale for its necessity or acknowledg­

ing the receiver’s time or expertise. This type of communication often 

results in receivers feeling undervalued (e.g. “Can you download the cost 

info?… By the way, you’ll need to adjust the extract parameters”). Finally, 

the fifth theme (“using idioms or jargon”) involves emails character­

ized by the use of specialized language or complex expressions that can 

come across as pretentious (e.g., “I have done due diligence”; “jeopardy”; 

and “efficiently iron out any potential issues”).

6 . Discussion

6.1 . Main findings

We collected 46 unique human-generated and 8 LLM-generated 

emails, and presented them to 266 participants who assessed the clarity 

of conveying a task and the extent to which participants were willing to 

act upon it. Consistent with prior work, we found that LLM-generated 

emails were rated as clearer than human-written ones. However, this in­

crease in clarity did not lead to higher willingness to act on the emails’ 

requests. Instead, our data show that willingness to act was primarily 

influenced by two factors: i) the emotional tone of the message as per­

ceived by the reader; and ii) the power relationship between sender and 

receiver. Contrary to expectations, cultural alignment between sender 

and receiver had no significant effect.

While our findings on clarity confirm prior evidence that LLMs can 

improve the readability of workplace communication, the novelty of this 

study lies in going beyond surface-level efficiency. By disentangling how 

cultural background, power asymmetries, and perceived emotions in­

fluence recipients’ willingness to act, we highlight that social dynamics 

(rather than LLM use alone) are the decisive determinants of cooperation 

in email communication.

6.2 . Implications

Our work contributes to advancing our understanding of culture, 

power dynamics, and emotions in email communications, and seeks 

ways to improve them using LLMs.

In terms of cross-cultural communication, we found that even if the 

sender and receiver had different communication styles (Meyer, 2014;

Hofstede, 2011), it did not significantly change the willingness to act 

upon the task. This observation aligns with previous work, which found 

that individuals with different communication styles could find common 

ground and contribute equally to decision-making processes, often by 

adapting to each other’s cultural norms (Zakaria, 2017).

The strongest predictor of willingness to act was perceived emo­

tional tone. Emails labeled by readers as expressing supportive emotions 

(e.g., encouragement, appreciation, and politeness) were associated with 

higher willingness to comply. By contrast, emails perceived as disre­

spectful, demanding, or blaming were more likely to generate reluctance 

or refusal, regardless of whether the sender had higher formal power. 

Emails from senders perceived as higher in the organizational hierarchy 

(e.g., “manager” roles) generally increased willingness to act; however, 

this effect was amplified or suppressed by the emotional tone. In several 

cases, messages from high-power senders triggered emotions such as fear 

or disgust, especially when they conveyed urgency or blame. This shows 

that power is not inherently persuasive: its effect depends on whether 

the message maintains interpersonal respect. Ignoring receiver’s poten­

tial emotional reaction accounts for up to 17.4% of the variance in the 

receiver’s willingness to act. This finding is consistent with prior work, 

which reported a correlation between management’s perception of fu­

ture success and employees’ willingness to engage in entrepreneurial 

behaviors (Brundin et al., 2008). Our design minimized confounds by 

providing receivers with no prior information about relationship history. 

Thus, any “trust” perceived was inferred from the email’s tone and phras­

ing, and not from assumptions about long-term relational context. This 

supports the interpretation that emotional perception drives behavioral 

response in mediated communication.

Although LLM-generated emails scored significantly higher in clarity, 

this did not translate into higher willingness to act. This finding echoes 

earlier concerns in the literature that syntactic clarity does not guaran­

tee interpersonal alignment Hohenstein et al. (2023a). Emails that were 

technically clear but emotionally flat, impersonal, or overly directive 

often failed to persuade recipients. In contrast, human-written emails 

that embedded emotionally nuanced language (e.g., gratitude, humility, 

acknowledgment) were more persuasive despite being less structured. 

This highlights a key insight: effective communication combines clarity 

with emotional intelligence. LLMs, though excellent at clarity, currently 

struggle to model affective nuance unless explicitly prompted to do so.

Our thematic analysis of the emails also provides actionable insights 

into how specific linguistic choices shape emotional perception. When 

crafting the use cases for our study, we intentionally injected potential 

emotional triggers (e.g., “However, you have requested Mike for estima­

tions one time before for another project, and your team spent more than 

he estimated, so you had to implement contingency measures to meet 

the project cost targets and your team missed bonus due to poor financial 

results”—Case 3). This allowed senders to decide whether they would re­

act to these triggers and include relevant information in their emails, or 

ignore them altogether. For example, senders who included information 

from the positive emotional triggers in their emails generally succeeded 

in persuading receivers to act on the tasks. Overall, we identified that the 

major factors enabling receivers to perceive support, encouragement, 

and respect include explicit acknowledgment of the receiver’s expertise 

and importance, expressions of gratitude, acknowledgment of the re­

ceiver’s valuable time, and offers of support or clarification regarding the 

task. On the other hand, emails that incorporated information from the 

negative emotional triggers, such as references to past failures or exter­

nal blame, tended to fail in persuading the receiver. We also found that 

expressions of appreciation can inadvertently become neglectful if the 

sender acknowledges the receiver’s qualifications while disregarding the 

importance of their time. Furthermore, we observed that emails lacking 

clear expressions of appreciation, gratitude, and respect for the receiver’s 

time were perceived as neglectful, despite not containing any obvious 

expressions of disgust. These findings illustrate that crafting a persua­

sive email is not straightforward. It requires a multifaceted approach 

that involves removing any toxic or unnecessary elements and then in­

corporating the necessary positive elements to enhance the receiver’s 

willingness to act.

Large Language Models (LLMs) have demonstrated significant po­

tential in enhancing written communication, particularly in workplace 

settings. Research shows that these models can substantially improve 

writing efficiency and creativity, especially benefiting those with lower 

skill levels  (Dell’Acqua et al., 2023) or novice users, such as law students 
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working on persuasive legal cases  (Weber et al., 2024). While our study 

confirms LLMs’ ability to enhance email clarity, the relationship between 

AI and communication effectiveness presents a complex dynamic.

Previous research has highlighted a dual impact: while AI tends to 

improve message structure and positivity, recipients may react nega­

tively to communications they perceive as AI-generated (Hohenstein 

et al., 2023a). Studies have shown that although LLMs can achieve 

persuasive outcomes comparable to human efforts, their methodologies 

differ, potentially both enhancing and compromising informational in­

tegrity (Carrasco-Farre, 2024). Nevertheless, our findings suggest that 

the benefits of LLM-generated emails generally outweigh the potential 

drawbacks of AI perception, particularly in terms of clarity improve­

ment.

However, an important limitation emerged: LLM-generated commu­

nications did not necessarily improve recipients’ willingness to act. This 

aligns with research by  Meng and Dai (2021), which found that AI 

chatbots expressing emotions without offering genuine support could 

actually increase client stress levels, unlike human consultants who suc­

cessfully reduced them. This is consistent with our observation that 

“offering support” was prevalent in emails with the highest willingness 

to act.

These findings have practical implications for AI interface and 

prompt design. While most LLM tools default to clarity-focused output, 

this approach may be insufficient for emotionally sensitive or persuasive 

communication. Recent work on “blended work” (Constantinides et al., 

2025) emphasizes that writers co-creating with AI must actively guide 

tone and interpersonal framing, with even minor prompt adjustments 

potentially causing significant changes in emotional tone. Our research 

suggests a concrete path forward: incorporating trust-related emotional 

domains in training prompts may enhance recipients’ willingness to 

cooperate.

As we continue developing AI assistants, it is crucial to ensure they 

incorporate these key positive themes to enhance message effectiveness 

and improve receiver engagement. This requires moving beyond mere 

clarity to include explicit expressions of support, respect, and empathy 

through carefully designed prompt scaffolds or affective templates.

6.3 . Limitations and future work

Our study has seven main limitations that call for future research 

efforts. First, the study was conducted with participants from only 

one pair of countries (i.e., US and Poland), which may limit its gen­

eralizability to other cultural contexts. Future work should replicate 

our approach with additional country pairs to better capture cultural 

variation. Second, while we aimed to account for cultural and power 

dynamics through scenario design, we did not include explicit ma­

nipulation checks. Receivers were not told about the sender’s cultural 

background, and role-based cues (e.g., “manager” vs. “team member”) 

were used to signal power asymmetries without directly validating how 

receivers perceived them. Future studies should incorporate direct ma­

nipulation checks to ensure these factors are interpreted as intended. 

Third, our treatment of emotion focused solely on receiver-perceived af­

fect, which we consider more relevant for explaining willingness to act; 

however, this means that sender-intended emotions were not captured. 

Moreover, mapping open-ended emotion labels to Plutchik’s taxonomy 

involved subjective judgment, with modest initial inter-annotator agree­

ment (36%). Although disagreements were resolved through discussion, 

future studies may benefit from dimensional approaches (e.g., valence–

arousal) to improve reproducibility. Fourth, our sample was restricted 

to knowledge workers with at least a college degree in technology, 

telecommunications, or finance, and we assumed they would compre­

hend the generic, non-industry-specific scenarios without time pressure. 

A more refined approach would be to conduct similar studies within sin­

gle organizations, recruiting participants with homogeneous expertise. 

Fifth, we relied on one specific LLM (GPT-4) at the time of the study. 

Since then, new models (e.g., Claude, Gemini, Llama 3, and Mistral) have 

emerged, and replication across multiple systems would strengthen the 

robustness of our findings. Sixth, our measure of willingness to act relied 

on a single self-reported item, which may not fully capture the ecological 

validity of workplace compliance. Future research should incorporate 

behavioral or longitudinal measures (e.g., tracking actual task comple­

tion) to strengthen external validity. Finally, we tested writing emails 

purely by humans and purely by AI, but did not explicitly test email 

co-creation. However, checks with the GPT Zero tool.7

7 . Conclusion

We conducted a crowd-sourcing study with 266 participants to un­

derstand the role of LLMs in email communication in terms of task clarity 

and willingness to perform the task expressed in an email. We found that 

LLM-generated emails expressed tasks in a clearer way but performed 

comparably to humans for calls to action. Cultural and emotional con­

cordance between the sender and receiver was not important; however, 

the disparity in power levels and the emotions perceived by the sender 

were the most influential factors that moved receivers to take an action.
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Appendix A 

A set of 4 use cases was constructed by following best practices 

for project management according to the Project Management Body of 

Knowledge book (PMBOK 7th edition). The four use cases were about 

data gathering and analysis (Case 1 and Case 2), estimating (Case 3), 

and meetings and events (Case 4). Each case included a task descrip­

tion such as providing a spreadsheet with costs or a Word document 

with system details. Additionally, the cases outlined the sender’s and re­

ceiver’s positions and qualifications—for example, the sender might be 

an experienced Solution Architect, and the receiver could be a project 

manager. Moreover, each case incorporated a potential emotional trig­

ger for the sender such as the receiver’s past performance on a specific 

task, to gauge the emotional dynamics involved in the communication.

A.1 . Use cases descriptions

Case 1: You are a solution architect for a large software integration 

project. You have your own checklist for data gathering for the new 

project, but it turns out that one of the customer requirements will de­

mand integrating a product FeaturedProduct which you have never used 

before in your design, so respective data placeholders are not present in 

your checklist. As the project deadline was committed without account­

ing for the learning curve for anything new, you realize you have almost 

no time for a complete product training. You have gotten another con­

tact of the solution architect, Paul, who may clarify your doubts as he 

has already worked with that product in the past for GemY company 

project, or even sit with you on the call to discuss your questions. You 

have heard from the GemY team that the deployment using Paul’s de­

sign went smoothly. You downloaded the product description and basic 

design guidelines from the company product documentation repository, 

7 https://gptzero.me/.
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but you will need to figure out if there are any risks or limitations that 

you need to consider or extra integration steps to be done for other 

design components with certain customer requirements descriptions.

Task. Please write 150–250 word request e-mail to Paul using everything 

you know from this case description.

Case 2: You are the manager of the project, and you want to run an extra 

evaluation of your project performance in terms of cost as you suspect 

that your team has spent more than planned for completed activities 

due to a known hourly rate increase this month. To be able to create 

the corresponding report, you will need to ask your team member, Lisa, 

to download the actual cost information for you from ERP (Enterprise 

Resource Planning), and then compare it to your initial cost plan. The 

default table, which can be downloaded from ERP does not contain all 

the information needed for report, so you will need to adjust ERP extract 

parameters to ensure that the downloaded file you receive contains each 

team member’s ID, their hourly cost for certain month and the number of 

hours booked. For comparison of planned and actual spending, you want 

to receive a separate summary table. As of now, the team has completed 

first five tasks from the project plan and another five are left to be done. 

You will need to see in summary a comparison of planned and spent 

costs and days for the first five tasks, while last five tasks will contain 

only planned data.

Task. Please write 150–250 word request e-mail to Lisa using everything 

you know from this case description.

Case 3: Your company is bidding for a consulting data analytics project 

for a customer “Alltime”. After reading customer requirements you want 

to request the help of Heather and Mike, experts from your company, 

in estimating the workload and list of tools needed for the new project. 

You believe that analogous estimating will be the best method fitting the 

current case, so that activities done in similar previous projects would 

be used to approximate workload of current project activities. However, 

you have requested Mike for estimations one time before for another 

project, and your team spent more than he estimated, so you had to 

implement contingency measures to meet the project cost targets and 

your team missed bonus due to poor financial results. To increase plan­

ning precision this time, you are creating the spreadsheet in the shared 

folder, where you add not only the columns for the workload value and 

the required tools for each work item, but also “past experience” col­

umn where you want to populate the name of the project where such 

service was performed and its major risks and resulting workload. These 

“past experience” entries should be descriptive enough to justify why it 

is sufficient to use that past record for estimating tasks in new project.

Task. Please write 150–250 word email to Heather and Mike, asking 

them to populate the workload estimation spreadsheet, using all that 

you know from this case description.

Case 4: You are a Program Manager and oversee the execution of multi­

ple projects for customer, ClearWater. A Project Manager, Bill, assigned 

to a new Security Policy update project within your Program several 

days ago, sent you an email asking about the frequency and content of 

the reports he needs to send you regarding the project’s progress. You 

have not worked with Bill before, but you have heard excellent feedback 

about him from his previous manager. You have regular Program meet­

ings with this customer every Wednesday, so you must include slides on 

this project in your overall slide deck at least one day before the cus­

tomer call. Your deck on all Program projects includes their short scope 

and deliverables description, a chart with the project progress, and a list 

of current risks and issues. You also describe the proposed mitigation 

of all indicated risks during the customer calls. As the customer can ask 

very detailed questions during the discussion and expects most of the 

answers right at the meeting, it always helps to have a clarification call 

on project details with every Project Manager in your group regarding 

his summary prior to customer call.

Task. Please, write 150–250 word response email to Bill, answering his 

question based on all that you know from this case description.

A.2 . Mapping of the emotion labels to plutchik’s basic emotional categories

During the processing of the data, we mapped answers of the read­

ers to Plutchik’s basic emotional domains (in case the emotion better 

fits the dyad, it will be recorded as part of two emotional domains, 

creating the dyad). The annotation was carried out by three indepen­

dent researchers who achieved an initial agreement in 36% of the cases. 

In 14% of the cases, where each researcher initially provided a differ­

ent label, the discrepancies were resolved through discussion to reach a 

consensus.

• Trust: “Respectful”, “Supporting”, “Encouraging”, “Polite”, 

“Understanding”, “Assertive”, “Directive”, “Formal”, “Flattering”, 

“Highly expectant”

• Anticipation: “Curious”, “Aggressive/pushy”

• Disgust: “Neglecting”, “Blaming”, “Pretentious”, “In a hurry”, 

“Annoyed”, “Hurried”, “Brief”, “Rushed”

• Joy: “Excited”, “Normal”,“Grateful”

• Anger: “Frustrated”, “Blaming”, “Aggressive/pushy”, “Insistent”, 

“Demanding”, “Pushy”

• Surprise: “Surprised”

• Sadness: “Unhappy”

• Fear: “Worried”, “Hesitant”, “in Panic”, “Embarrassed”, 

“Nervous”, “Confused”, “Cautious”

A.3 . Examples of the generated emails

Example emails generated by participants from Poland.

Email: Hi Bill! Thanks for your email regarding my expectations as to 

scope and frequency of your reports regarding the ClearWater projects. 

I believe it makes a lot of sense to make this expectations clear from 

the get-go rather than rely on guesswork. As to how often I’m going to 

need updates from, I run regular weekly meetings with this customer 

and am expected to provide them with overviews on all relevant areas. 

I put presentations together based on input from distinct areas and am 

going to need yours every week on Mondays by noon; if for any reason 

significant stuff is bound to happen in the first half of the week that 

you’re not able to report by then, please let me know in advance, too. As 

to the scope, I need to include all relevant SecurityPolicy deliverables, 

as well as material to include in the project progress chart and a list 

of current risks and issues you’re encountering and your ideas for risk 

mitigation. The customer tends to ask quite detailed questions in our 

meetings, so I’ll be contacting you if I decide I need to get more deeper 

on specific matters. Please let me know if there’s anything else I can help 

you with. Best regards.

Email: Hi Paul, I’m contacting you regarding your previous work for 

the GemY team on the FeaturedProduct. I have been hired as a solution 

architect for a project integrating FeaturedProduct. As far as I’m con­

cerned deployment using your design went smoothly, so I would love 

to get to know your perspective. I have already downloaded the prod­

uct description and basic design guidelines from the company product 

documentation repository, but I will need to figure out if there are any 

risks or limitations which I need to consider or extra integration steps to 

be done for other design components having certain customer require­

ments description. I would greatly appreciate it if you could spare me 

sometime tomorrow, I suppose 1h or 1.5h would be enough for me to 

pick your mind on this topic. Sincerely, XYZ.

Email: Hi Heather and Mike! I hope you’re well experts. I would like 

to ask you something - Could you populate the workload estimation 

spreadsheet? I need your help again. Mike, last time when you helped 

me with another project, I had to implement contingency measures to 

meet the project cost targets and my team missed bonus due to poor 

financial result. I would like to increase planning precision. In order to 

do that I decided to create the spreadsheet in the shared folder. I will add 

columns for the workload value and tools required for each work item. 
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Please help. This past experience entries should be descriptive enough to 

justify why it is enough to use that past record for assessing task in this 

project. I’m counting on you. I hope this time everything will be ok, and 

we will achieve good financial results because we are more experienced, 

thank you in advance!

Example emails generated by participants from US.

Email: Hi Paul, We have an upcoming project using the product 

FeaturedProduct and I was hoping to utilize some of your expertise from 

when you worked with it at GemY. This is a new product in my scope, 

and while I have some training materials and guidelines, I would love 

to schedule a call with you sometime this week to go over my notes and 

any questions I have regarding the product. The aspects I am most con­

cerned with include the risks/limitations needing to be considered and 

any additional integration steps needing done based on my client’s re­

quirements. I have heard from your previous team at GemY that you 

are a subject matter expert with FeaturedProduct, so I would really 

appreciate any assistance you can provide.

Both the client and I appreciate any assistance you can provide. 

Please let me know what works best with your schedule over the next 

few days and I can set up a call to review.

Thank you!

Email: Hi Heather and Mike, I was hoping that you both could add your 

valuable experience to a project that I have begun to work on. Your ex­

perience on previous projects has proved very insightful. I’m working 

on submitting a bid for the Alltime project and would like to lean on the 

overhead data from previous projects in order to create a better estimate 

of workload value and risks. I’ve created a shared spreadsheet that we 

all have access to in order to more easily facilitate the transfer of this 

information. More specifically, I’m hoping to gain your assistance in pop­

ulating the “past experience” column. Previously, I’ve relied too heavily 

on the exact data of experience and would to like to take a broader ap­

proach when outlining the bid for Alltime. The data I need is the work 

done on the previous project, and how much workload was generated by 

servicing the project. Another aspect to outline are the major risks to the 

project, and how reliable using this estimate would be for the “Alltime” 

project. Thanks for your time.

Email: Hi Bill, I hope this email finds you well. As you probably already 

know, I have my update meeting with the customer on Wednesday of 

every week. Would it be possible to provide your portion of the pro­

gram such as your status reports, on Friday of every week? This would 

allow me to review them on Monday morning, and then we could have 

a quick call Monday afternoon for any questions I may have or clarifica­

tion I may need on that weeks details. I can then compile them into my 

weekly presentation on Tuesday and be well versed with your informa­

tion in preparation for the Wednesday presentation. The customer often 

asks very detailed questions, so I would much rather be overprepared 

than underprepared. Let me know if this works for you. As always, I 

appreciate your hard work and dedication. Regards.

Example emails generated by LLM (generic).

Email: Dear Paul, I hope this message finds you well project that re­

quires the integration of FeaturedProduct. I understand that you have 

previously worked with this product on the GemY company project and 

that the deployment went smoothly. Given your experience, I was hop­

ing you could provide some guidance. Due to a tight project deadline, 

I am facing a challenging learning curve with this new product. While 

I have downloaded and reviewed the product description and basic de­

sign guidelines from the company product documentation repository, I 

am concerned about potential risks, limitations, and extra integration 

steps that may not be explicitly highlighted in these documents. Since 

you have practical experience with this product, could you help me un­

derstand these aspects? Specifically, I am keen to know if there are any 

additional considerations when integrating FeaturedProduct with other 

design components, given certain customer requirements. I realize you 

are probably busy, but I believe your insight would be invaluable in 

helping me achieve a successful deployment. If you are available, we 

could arrange a call at a time that suits your schedule. I appreciate your 

time and look forward to hearing from you soon. Best regards, Andrew.

Email: Dear Lisa, I trust this email finds you well. I am writing to request 

your assistance in conducting an additional assessment of our project’s 

cost performance. I have some concerns that we might have exceeded 

our planned costs for the tasks completed due to the recent rise in hourly 

rates.

Could you please extract the actual cost information from our ERP 

system? Please ensure to adjust the ERP extract parameters so that the 

downloaded file includes each team member’s ID, their hourly cost for 

this month, and their recorded hours.

Alongside this, it would be beneficial if you could prepare a summary 

table to compare our actual costs and the initial cost plan. As you know, 

we have completed five tasks from our project plan, and another five are 

still pending. The summary should reflect the planned and actual costs 

and days for the first five tasks, while the last five should only contain 

the planned data.

This evaluation will help us understand our spending patterns better 

and ensure that we stay on track with our budget. I understand that you 

have a lot on your plate, but this is a high priority task, and I would 

appreciate it if you could provide the report by the end of this week.

Thank you for your support in this matter. Best Regards.

Email: Dear Heather and Mike, I hope this email finds you well. As you 

might be aware, we are currently bidding for a data analytics project 

for our prospective client, Alltime. Their requirements necessitate an 

in-depth understanding of both the workload involved and the tools 

required for the new project.

I have created a spreadsheet in the shared folder for us to collabo­

rate on these estimations. It includes columns for the workload value, 

required tools for each work item, and an additional column titled “Past 

Experience.” In this column, I would like you to detail the name of the 

project where a similar service was performed, its major risks, and the 

resulting workload.

The aim is to employ an analogous estimating approach to predict 

the workload of current project activities using data from similar past 

projects. Your input is crucial to ensure we adequately capture the scope 

of the project and plan appropriately.

I understand that our previous project estimation was under-

specified, which led to a need for contingency measures. This time, I 

would like us to be as thorough and precise as possible to avoid any 

such discrepancies.

Please make sure your entries in the “Past Experience” column are 

descriptive enough to justify why it is adequate to use that past record 

for estimating the task in the new project.

I appreciate your help in this matter and look forward to your 

contributions to the spreadsheet. Best regards, Andrew.

Example emails generated by LLM (emotional).

Email: Dear Paul, I hope this message finds you well. I am writing to 

you as I am currently working on a software integration project where 

I am required to integrate a product called FeaturedProduct. I am quite 

familiar with the majority of the project specifics, but this product is 

new to me, and I have not had the chance to use it in any of my past de­

signs. I have heard great things about your work with FeaturedProduct 

on the GemY company project and how smoothly the deployment went. 

Your expertise and experience with this particular product could be 

invaluable for my current project as I am operating under tight dead­

lines and lack the necessary time for complete product training. I have 

downloaded and reviewed the basic design guidelines and product de­

scription, but I am still unsure about potential risks, limitations, or 

additional integration steps that may be necessary. I feel a bit over­

whelmed and anxious about the situation, as the project deadline was 

committed without considering the learning curve for a newproduct like 

this. I would greatly appreciate if you could share your insights and ex­

periences regarding this product. If possible, could we arrange a call 

to discuss my questions and concerns in more detail? Your guidance 

International Journal of Human - Computer Studies 210 (2026) 103770 

13 



M. Polupanova, M. Constantinides and D. Quercia

could be crucial in ensuring the success of this project. Thank you in 

advance for your help. I am looking forward to hearing from you soon. 

Best Regards, Andrew.

Email: Hi Lisa, I hope you’re well. I would like to request your assistance 

in gathering some crucial data for our project. Our team’s performance 

and cost efficiency need to be evaluated due to a sudden increase in the 

hourly rate this month. I believe it is important for us to be aware of our 

financial status, particularly when it comes to our project’s budget.

Can you please download and provide me with the actual cost infor­

mation from our ERP system? The default table might not contain all 

the necessary data, so I kindly request you to adjust the ERP extract pa­

rameters to ensure the downloaded file includes each team member ID, 

the hourly cost for the specific month, and the number of hours booked.

Moreover, I would really appreciate it if you could prepare a separate 

summary table comparing our planned and actual spending. Specifically, 

this should encompass the first five tasks which are already completed, 

depicting both the planned and spent cost and days for each. The re­

maining five tasks, which are yet to be completed, should only include 

the planned data.

I’m feeling quite anxious about our current financial situation, espe­

cially considering the recent rate increase. This analysis is imperative 

to help us strategically plan the remaining half of this project. I trust in 

your ability to convey this information accurately and promptly.

Thank you for your understanding and prompt attention to this 

matter. Best Regards.

Email: Dear Heather and Mike, I hope this message finds you well. We 

are currently working on a bid for a consulting data analytics project for 

Alltime, and your expertise in this field is greatly needed.

In light of the recent experience with underestimating project costs, 

I have decided to use an analogous estimating method for this project. 

The idea is to use activities from similar past projects to approximate 

the workload of the current project activities. For this, I have created a 

spreadsheet in our shared folder, which includes columns for workload 

estimation, required tools, and notably, a “Past Experience” column.

The ”Past Experience” column is where I would like your assistance. 

Could you please populate it with the names of similar projects we have 

previously undertaken, their major risks, and the resulting workload? It 

is critical that these entries are descriptive enough to justify the use of 

that past record for estimating tasks in the new project.

I must admit, the results from the last project have left me feeling a 

bit uneasy. I believe thorough planning and precision in our estimations 

is crucial to avoid a similar situation and to meet both our cost targets 

and team bonuses. I am confident that with your help, we will be able 

to produce a more accurate estimation for the Alltime project.

Thank you for your assistance in this matter, it is greatly appreciated. 

Best regards, Andrew.

Data availability

Data will be made available on request.
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