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Abstract  

This study focuses on funeral cover products sold via chatbots and the challenge of customer 

disengagement during the purchasing process. The research conducts Randomized Control 

Trials (RCTs) by sending reminders at various times, using two types of informative messages 

as reminder types. Results indicate that all reminders significantly increase the likelihood of 

users resuming insurance quotes. However, no significant effect on sales transactions is 

observed. In summary, this study provides insights into re-engaging users in the funeral cover 

purchase process using reminders but questions their effectiveness in driving sales. 
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I.   INTRODUCTION  

The financial sector is witnessing a growing trend in steadily replacing face-to-face interactions 

with digital and virtual channels (Bagus et al. 2020). Technological advancements and changes 

in expectations and preferences of the digitally influenced younger generation exert 

considerable pressure on companies to adjust (Barrett et al. 2015). To remain competitive and 

innovative, companies in the financial sector must embrace digital transformations throughout 

their value chain. This includes restructuring their business models to engage with customers 

in new and innovative ways, as highlighted by Barrett et al. (2015).  

 

In this financial sector, customers often find themselves overwhelmed by various product 

offerings, creating a challenging environment to navigate (McShane et al. 2017). 

Simultaneously, financial enterprises such as insurance companies constantly struggle to attract 

and retain their customers' attention, recognizing the importance of regular and sustained 

customer engagement initiatives (Ahmed 2021; Gravert 2021). Within their promotional 

strategies, businesses can seamlessly integrate the practice of sending product reminders to their 

customer base. There is extensive literature on optimizing customer engagement (Schadler and 

McCarthy 2012) via online reminders (Du et al. 2020; Reinartz, Wiegand, and Imschloss 2019). 

Particularly in the finance sector, the utilization of text reminders has demonstrated increased 

loan repayments (Du et al. 2020) and microloan deposits (Karlan, Morten, and Zinman 2016), 

indicating elevated customer engagement.  

 

Chatbots present a viable solution to streamline complex processes to retarget customers 

(Rodriguez Cardona et al. 2019; Singh et al. 2019; and Koetter et al. 2019). Chatbots, often 

called ‘conversational agents’, are automated yet personalized virtual assistants that leverage 

the power of natural language processing and machine learning to communicate seamlessly 
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with humans (Rodriguez Cardona et al. 2019; Tsai, Liu, and Chuan 2019). They serve as 

valuable business tools, facilitating connections with potential customers and elevating overall 

customer satisfaction. The interactive nature of chatbots fosters deeper customer engagement, 

proving to be remarkably cost-efficient compared to traditional communication methods. 

Chatbots are available 24/7, providing real-time responses to consumers’ inquiries, eliminating 

the need for long waiting times on the phone or delays in email exchanges (Tsai, Liu, and Chuan 

2019; Nuruzzaman and Hussain 2020). By automating responses to more than 70% of daily 

inquiries that are related to insurance account information, claim status, and simple policy-

related questions (Singh et al. 2019), chatbots can provide constant support. The three crucial 

processes within the insurance value chain are marketing, sales, customer contracts, and claim 

management, which traditionally involve significant paperwork (Koetter et al. 2019).  

 

As a part of FinTech, which refers to technological innovations and development in the financial 

sector, InsurTech focuses on challenges and opportunities in the insurance industry (PwC 

2016). InsurTechs are modern market players providing the technological component to 

insurance products or services, aiming to increase efficiency (OECD 2017). With technology 

facilitating the dissemination of information directly to customers (Erasmus 2023), InsurTechs 

can drastically enhance access to financial products among individuals (Tanguy et al. 2017). 

Mostly, InsurTechs play the role of brokers that facilitate the distribution of financial products 

(Erasmus 2023). Consequently, they support traditional providers by streamlining and 

digitizing processes along the value chain. Engaging in partnerships unlocks opportunities for 

both sides. Incumbents can expedite their response to the digitalization occurring in the 

insurance sector by collaborating with tech-savvy start-ups. In turn, InsurTechs gain access to 

a more extensive existing customer base that they can cultivate (Koprivica 2018).  
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This study is conducted in cooperation with the South African InsurTech RatherChat, 

headquartered in Cape Town. Its chatbot technology helps to ease the sales processes for 

insurance companies that primarily sell funeral, life, and health cover products within the South 

African insurance sector. The messenger-based chatbot provides automated guidance, generates 

quotes, and addresses customer inquiries throughout the purchasing process. Potential 

customers are acquired by spreading advertisements for specific insurance products by various 

providers via social media platforms. Customers click on the link and are led through the guided 

conversation. Individuals can personalize their optimal funeral quote, selecting the desired 

number of family members for coverage and specifying the coverage level. Towards the end of 

the process, customers are asked whether they wish to proceed with the purchase based on their 

personalized quote.  

 

This study solely focuses on funeral cover products. A major hurdle in this purchasing process 

is the loss of numerous customers who disengage from the conversation, resulting in missed 

sales opportunities. Internal data from RatherChat reveal that merely 5% of acquired customers 

complete the sales process, with the majority dropping out at various stages throughout the 

interaction. Distractions, disinterest, or interrupted data coverage are potential reasons for this 

occurrence. While the company has already started attempts to lower attrition, it still needs to 

be determined what strategy to retarget users works best.  

 

An extensive body of literature has worked on how to best re-engage customers by retargeting 

them in a certain way. Customer retention is critical, prompting the strategic implementation of 

reminders as a solid instrument to direct customers toward embracing specific actions (Gravert 

2021). Other studies, such as Li et al. (2022) and Goic, Rojas, and Saavedra (2021), reinforce 

the efficacy of targeted reminders in a B2C context. This sheds light on the vital role of digital 
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communication channels in fostering interactions between customers and brands. Within their 

studies, customers who have been inactive for an extended period are reminded of their 

incomplete transactions. Given the yet still novel field of a chatbot taking over the sales agent 

role, the existing literature offers limited insights into addressing the optimal retargeting 

strategy. Consequently, this research aims to explore the potential of reminders as a potent 

promotional tool for re-engaging users via chatbot, encouraging them to continue with 

insurance quote inquiries and ultimately boosting sales of funeral cover products.  

 

When configuring reminders to retarget users that interrupted a specific sales process, two 

questions are central: When is the most effective time to dispatch reminders, and how can they 

be optimally designed? Considering the timing component, valuable insights can be obtained 

from academic studies that have explored the impact of timing on survey response rates. 

Lindgren et al. (2020), Faught, Whitten, and Green Jr. (2004), and Lewis and Hess (2017) 

conduct research in related fields, aiming to identify the “best time” during the day for sending 

survey invitations to maximize response rates. One option of reminder design involves sending 

a persuasive text message outlining compelling reasons for the potential customer to continue 

with the purchasing process. Studies that evaluate the content that a message should contain 

typically examine the design of statistical and narrative statements and compare them in their 

effectiveness (Allen and Preiss 1997; Baesler and Burgoon 1994; De Wit, Das, and Vet 2008; 

Hornikx 2018; Kopfman et al., 1998; Zebregs et al. 2015). Statistical messages are 

characterized by presenting quantitative information and primarily factual content (Hornikx 

2018). In contrast, narrative messages tell a story by sharing experiences, actions, and outcomes 

related to specific topics from another person's perspective, offering a more personal approach 

( De Wit, Das, and Vet 2008; Kopfman et al. 1998).  
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While several studies investigate the optimal timing for sending survey invites, there is a notable 

gap in the literature when assessing various reminder dispatch times throughout the day within 

chatbots. Many studies are focusing on sending various message types (De Wit, Das, and Vet 

2008; Kopfman et al. 1998) but none of them focuses on designing reminders used in chatbots. 

Consequently, the objective of this study is twofold: not only to assess the efficacy of sending 

reminders at various times throughout the day but also to investigate how the impact varies 

solely based on the reminder type, i.e., statistical and narrative message, sent. 

 

To answer the first part of the research question, reminders are sent out to the 95% of chatbot 

users who dropped out of conversation at three distinct times throughout the day. Recipients 

are randomly allocated to a morning, noon, or evening dispatch. Considering the second part of 

the research question, the study employs two message types sent out after users stop 

communicating with the chatbot. The key difference in the messages is how they are presented: 

they can either be based on statistical facts or crafted as a narrative emphasizing emotions. 

Following the randomization of timing and message type, the experiment allows the execution 

of several randomized control trials (RCTs). Recognizing the diversity of official languages in 

South Africa, a subsample analysis is undertaken, comparing English speakers and those who 

indicate other home languages. Given the random dispatch of reminders at three distinct times 

during the day, the sample can additionally be categorized based on the time elapsed between 

the initial end of the conversation and the assigned treatment time. Lastly, the impact across a 

younger and an older age cohort is assessed.  

 

Existing literature demonstrates that reminders positively impact customer engagement 

(Gravert 2021; Li et al. 2022; Goic, Rojas, and Saavedra 2021), effectively directing attention 

to decision-making processes (Gravert 2021). The study partly aligns with these findings, 
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confirming that reminders effectively re-engage users within the chatbot purchasing process, 

boosting quote continuation. However, contrary to Goic, Rojas, and Saavedra’s (2021) 

conclusion that reminders increase overall sales, the research suggests that reminders do not 

affect sales in this study context. The contribution to the literature highlights the nuanced effects 

of reminders in different contexts and underscores the need to explore further their effectiveness 

in driving sales. This null result regarding the effectiveness of reminders on sales opens a 

discussion of whether they are a sufficient promotional instrument in other study setups. 

 

Existing literature studies the impact of sending out reminders at different times (Faught, 

Whitten, and Green Jr. 2004; Lewis and Hess, 2017; Lindgren et al. 2020). Although Faught, 

Whitten, and Green Jr. (2004) and Lewis and Hess (2017) find that specific weekdays and hours 

of the day are most effective in evoking a positive response, the significant effects that are found 

by Lindgren et al. (2020) diminish gradually along the study period. The results highlight 

positive significant results for all three times but do not show significant differences across the 

three predetermined time slots throughout the day. The study contributes to the literature on 

timing as it provides insights into an industry previously not covered by such research. 

 

When examining the two message types, reminders effectively boost quote continuation. 

However, neither message type significantly influences overall sales transactions, indicating 

suboptimal effectiveness within the context. The findings align with literature like Du et al. 

(2020) and Gravert (2021), suggesting that reminders conveying negative connotations, as in 

the case with funeral cover, have no positive effect on sales. The contribution highlights the 

limited efficacy of negative-themed reminders in achieving sales objectives. In the literature, 

De Wit, Das, and Vet (2008) and Baesler and Burgoon (1994) suggest that narrative evidence 

tends to be more effective due to its ability to convey memorable information and evoke 
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personal engagement. In contrast, Kopfman et al. (1998) and Allen and Preiss (1997) find 

statistical evidence to trigger systematic processing, leading to heightened cognitive heuristics. 

However, some studies, like Zebregs et al. (2015), have failed to reach a clear consensus, with 

results indicating that the impact of statistical and narrative evidence can vary. The study results 

align with the findings of Zebregs et al. (2015), as no significant differences in the effectiveness 

of statistical and narrative messages are found. While both effectively increase customer 

engagement, considering the entire sample, they have no significant impact. The variability in 

findings between this study and the existing literature underscores the complexity of 

determining the superior effectiveness between the two message types.  

 

Some research has raised concerns that sending reminders in the form of messages could have 

a negative impact on customer behavior. Du et al. (2020) and Gravert (2021) suggest that 

including health-related information in reminders may trigger negative emotions and irritation 

among readers. In a subgroup analysis focusing on different age groups, as mall but highly 

significant negative coefficients on sales for individuals aged above 45 are observed. This study 

adds to the literature by shedding light on the potential adverse effects of message reminders, 

particularly among older users.  

 

The study begins by providing the contextual background for the experiment in Section II. 

Section III outlines the specific designs of the treatments, followed by Section IV, covering the 

methodology. Section V presents the empirical results, which will be thoroughly discussed in 

Section VI. Finally, the study culminates in Section VIII, where conclusions are drawn based 

on the findings and insights into potential areas for further research are offered.  
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II. BACKGROUND 

The experimental study is conducted within the dynamic landscape of South Africa, a country 

facing significant challenges related to financial and digital inclusion. This environment has led 

to a notable disparity between a small wealthy and a sizeable underprivileged population. 

According to a study by Deloitte (2017), economically disadvantaged households at the bottom 

of the pyramid without accessible and reasonably priced options for insurance find themselves 

defenseless against undesirable events such as unemployment, illness, or death. Limited 

financial knowledge and constraints attributed to this population group may challenge insurance 

providers to serve them adequately. In response to the lack of accessible insurance products, 

there is a growing demand for cost-efficient solutions. One of South Africa’s prominent 

insurance products is funeral cover, deeply rooted in cultural traditions.  

2.1 Financial and Digital Inclusion in South Africa 

A significant segment of the South African population has relatively low levels of financial 

literacy. Roberts et al. (2021) conduct a baseline survey on financial literacy in South Africa 

from 2015 to 2020. The analysis involves a comprehensive financial quiz encompassing 

financial control, planning, and product selection. Results reveal a significant gap in financial 

literacy across various income groups. South Africa has a large income gap between population 

groups, exhibiting one of the highest inequality rates globally, with a Gini coefficient1 of 0.67 

in 2018 (OECD 2022). Over the past few decades, South Africa has witnessed advancements 

in financial services, revolutionizing the landscape of products (FSCA n.d.). Financial inclusion 

 
1 The Gini coefficient assesses income distribution within a specific population, ranging from 

0 to 1. As the coefficient increases, so does the level of inequality. In other words, a higher Gini 

coefficient indicates that a small portion of the population is receiving a significant proportion 

of the total income for that population. (Source: Investopedia, 2023) 
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is essential for developing an equitable society as it provides primarily underserved or excluded 

individuals with access to affordable financial services (National Treasury n.d.).  

 

In line with the low coefficient of equality, digital inclusion remains a second factor that differs 

largely between rich and poor. Using the definition of Adedokun and Zulu (2022), digital 

inclusion explains the possession of adequate internet literacy skills and access to a computer 

or mobile phone, enabling individuals to navigate digital platforms effectively. This entails 

possessing a certain level of technical proficiency and the capability to access the necessary 

digital services when required. South Africa has one of the continent's highest mobile phone 

penetration rates, with an impressive 90% of the adult population owning a mobile phone and 

69% of that being smartphones (Genesis Analytics 2019). Despite this encouraging statistic, the 

persistence of the digital divide remains a significant hurdle, preventing marginalized segments 

of the population from actively participating in the transformative wave of digitization. High 

mobile data costs further fuel the digital divide. Data is needed to ensure an internet connection. 

With the price of one gigabyte (ZAR 85〜 four EUR) equivalent to four hours of wage for an 

individual earning minimum wage, South Africa queues into one of the countries with the most 

expensive data prices in Sub-Saharan Africa (World Economic Forum 2022).  

2.2. The South African Insurance Market 

Pre-Covid estimates suggested promising economic growth expectations for Africa. Combined 

with a largely underdeveloped insurance market, the continent was ranked the second-fastest 

growing region for insurance after Latin America worldwide (Bagus et al. 2020). Before the 

pandemic, the insurance industry in Africa was ranked the 8th largest globally, with a value of 
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roughly $68 billion in gross written premium (GWP)2. Across the African continent, South 

Africa accounts for just above 70% of the overall GWP, followed by North Africa, including 

Morocco, Algeria, Tunisia, Libya, Egypt, and Sudan, with almost 13% (Bagus et al. 2020). 

Figures from 2021 show that the greatest insurance uptake is dedicated to funeral cover, with 

42% of the South African population insured, followed by 10% of adults covered by life 

insurance. Health insurance uptake comes last, with only 8% of adults insured (FSCA 2022). 

The South African government’s attempt to offer state-managed universal funeral insurance, 

considering it one of the most widely held insurance products, has failed and has been 

postponed to a distant future (Milliman 2023). Internal political structures overshadowed by 

corruption, patronage, and mismanagement are relevant aspects posing a barrier to its 

implementation (Khasoane 2019). The prevailing poverty and inequality in South Africa create 

a high barrier to intergenerational mobility, exacerbating low employment rates and a 

significant proportion of individuals engaged in the informal sector. This underscores the 

unfortunate reality that society's most vulnerable members often lack the financial means to 

adequately protect themselves against unforeseen financial threats (UN 2020).  

2.3 The Relevance of Funeral Cover 

According to Berg (2011), funeral insurance is recognized as one of the earliest forms of 

insurance. The high uptake of funeral insurance in South Africa is embedded in a cultural 

context. According to Olupona (2015), a professor of Indigenous African Religions at Harvard 

Divinity School, ancestors are considered to exist in a realm of presence superior to that of 

humans in several African cultures. They are thought to hold the power to determine the fate of 

 
2 Gross Written Premium (GWP) is the revenue source of an insurance company composed of 

the total sum of insurance premiums written or issued by an insurance company during a 

specific period (Liberto 2020).  
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their descendants, thereby having the ability to grant blessings or inflict illness upon them. 

Hence, proper death rituals in the form of dignified farewells ensure that the deceased person 

rests in peace and becomes a spirit that watches over the descendants. According to Dercon et 

al. (2006), death has a strong social and psychological presence among many African cultures. 

Funerals are regarded as communal occasions that unite families and affirm a family’s status 

within the community. The importance of funeral cover can be traced back to the development 

of funeral associations, as Berg (2011) describes. The key objective of so-called stokvels is to 

pool risk among its members. Members can receive funds through individual contributions 

regularly or as a transaction upon death to organize and pay for funerals. As funeral associations 

are mainly formed within communities among friends, colleagues, or relatives, they go beyond 

simply covering funeral expenses by providing emotional support and spiritual counsel. 

Further, burial societies are autonomous, trust-based, and member-governed funeral 

associations with informal agreements and fines for non-compliance. However, the absence of 

formal regulation increases the risk of abuse. In South Africa, many households simultaneously 

hold formal and informal funeral insurance due to the social significance and high cost of 

funerals (Bester et al. 2005). According to Writer (2020), OECD Better Life Index Data shows 

that average funerals cost around ZAR26,875 (ZAR20 ~ one Euro). Internal company data 

reveal that most chatbot users inquiring about funeral cover have a monthly income between 

ZAR3,500 - ZAR10,000. This indicates that an average funeral costs between 33% and 64% of 

annual income. Given these circumstances, relatively high funeral costs and high poverty levels 

create financial risks for family members.  

2.4 RatherChat  

RatherChat is an InsurTech with a technological approach to enhance the holistic insurance 

purchasing experience. Their chatbot solution lets customers obtain insurance coverage without 
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phone calls or face-to-face interactions. Thereby, the necessity for a middleman, such as a 

broker, between the insurance provider and the customer is eliminated. The startup extends its 

services to insurance providers in South Africa, delivering an average reduction of 80% in the 

cost per purchase compared to transactions conducted through the insurers’ websites. 

RatherChat leverages the popularity of WhatsApp as its primary messenger service to engage 

with customers. WhatsApp’s widespread dominance on the African continent is evident from 

Global Web Index’s 2020 Flagship Report statistics, showing massive penetration rates in 

Kenya at 97%, followed by South Africa at 96%, and Nigeria at 95%. In analyzing the 

effectiveness of communication channels, RatherChat’s research discovered that email 

encounters a 17% open rate, while WhatsApp messages raise this rate to 95%. Similarly, 

response rates via email range from 2-5%, while WhatsApp achieves a rate as high as 20-50%. 

These findings firmly establish WhatsApp as more effective than emails for sales processes.  

2.5 Chatbot Technology  

Employing a messenger-based chatbot solution presents insurance companies with numerous 

opportunities. Firstly, it addresses the growing trend highlighted by Gartner (2015) that the 

frequency of app downloads stagnates. With users becoming reluctant to download additional 

apps on their smartphones, InsurTechs relying on separate app installations or website 

interfaces may experience lower adoption rates than chatbot technologies. Chatbots are 

accessible via messaging apps that most smartphone users use daily (Koetter et al. 2019), 

offering a more appealing and convenient option. Secondly, chatbots eliminate the need for 

customers to familiarize themselves with a new interface or navigate through information-

heavy websites, reducing barriers often encountered with conventional applications. Chatbots 

can efficiently narrow down the information relevant to the customer right from the beginning 
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of the conversation (Koetter et al. 2019), making the experience more seamless and user-

friendly.  

  

Despite chatbots finding widespread application in retail and e-commerce markets, as indicated 

by Paraskevi and Saprikis (2022), their adoption in the insurance industry has been relatively 

limited. One potential explanation, as highlighted by Koetter et al. (2019), is the presence of 

heterogeneous IT infrastructures within many insurance companies, making it challenging to 

implement universal data-driven AI solutions. Moreover, the authors explain that the insurance 

sector faces the complexities of adhering to various legacy regulations and managing high 

volumes of sensitive data. Ensuring the secure processing of customer data and protecting their 

privacy throughout the process is crucial for chatbots in this context. The study by Rodriguez 

Cardona (2019) reveals that customers may not yet fully trust chatbot solutions to handle 

insurance-related decisions without human interaction, leading them to prefer a hybrid customer 

interface.  

 

III. TREATMENT DESIGN 

The main challenge in chatbot communications is customer dropouts, often caused by 

distraction, product uncertainty, or limited financial understanding. This leads to potential 

customer loss due to external distractions and financial literacy issues, representing missed sales 

opportunities. Re-engaging customers through the chatbot by sending reminders can address 

these issues by providing additional information, overcoming interruptions, and gaining 

insights into customer preferences. Successful retargeting can result in increased sales and 

higher customer satisfaction.  
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The primary objective of the study is to understand to what extent sending reminders as a 

promotional strategy effectively persuades customers to buy funeral insurance. To achieve this 

goal, the analysis is split into two parts. Firstly, to examine the overall effectiveness of 

reminders, they are sent at three different time slots during the day. Secondly, the reminders are 

distinguished by message type and aim to urge customers to continue their funeral purchasing 

process. The aim is to determine whether a message incorporating various statistical measures 

is more effective than an emotionally engaging narrative that resonates with the customer. The 

overarching research question that is aimed to be answered is: Are reminders an effective tool 

to retarget customers, and if they are, when is the optimal time to dispatch them, and how are 

they best designed?   

3.1 Timing of Reminders 

To determine the most efficient timing for the treatments, the research relies on valuable 

insights from academic studies exploring the impact of timing on survey response rates. 

Lindgren et al. (2020) conduct a study on the optimal time for survey invitations sent via email 

during the day. The authors highlight the presence of inconvenient periods during the day when 

survey invitations are more likely to be forgotten or ignored. With the advancement of 

technology enabling a shift towards digital communication methods, researchers face the 

challenge of being unable to control when potential participants read their messages despite 

having control over the dispatch time. This emphasizes the critical role of timing in effectively 

engaging individuals, according to Faught, Whitten, and Green Jr. (2004). The authors focus 

on identifying the "best time" during a specific day of the week, sending surveys at various 

times throughout the day. Building upon these three studies mentioned above, the research aims 

to investigate whether there is an optimal time during the day when the chosen treatments yield 

the highest interaction rates and may ultimately lead to a higher sales rate.  
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RahterChat internal data, see Appendix, reveals the total number of first interactions and total 

sales throughout the day for funeral insurance. Several noteworthy observations emerge from 

this data. Firstly, sales peak between 9 am and 10 am. This peak can be attributed to incomplete 

sales from the previous days and sales occurring within zero to three hours after the initial 

interaction. As depicted by the internal data (see Appendix), the latter is the spectrum in which 

most sales are converted after the first interaction. Hence, the first treatment is initiated at 6 am 

for the study design. The target group likely faces extended commuting times to their 

workplaces, necessitating an early start to their day. By sending out treatments at 6 am, it is 

ensured that individuals with time during their morning commute can actively engage in the 

sales process. Secondly, as the number of interactions remains relatively stable around noon, 

the second treatment is sent at 12 pm to re-engage customers during their lunch break. This 

approach ensures that both early and late lunch breakers receive some form of treatment, 

maximizing the chances of re-engagement. Lastly, the global maximum of interactions occurs 

between 6 pm and 7 pm. During this time, many potential customers are likely finishing their 

workday, allowing them to dedicate time to go through the chatbot process. Moreover, they 

may be able to discuss important insurance-related matters with family members. Thus, the 

final treatment is sent out at 6 pm to take the most out of this peak engagement period. No 

treatments are sent during nighttime to avoid inconvenience (Lindgren et al. 2020).  

3.2 Message Reminders (Louisa) 

By sending the two message reminders it is aimed to investigate the effectiveness of different 

sub-treatments of messages in influencing potential customers to purchase funeral insurance 

when re-engaging with them. Drawing inspiration from McCroskey’s seminal work from 1969, 

two distinct approaches to communication a speaker employs when attempting to convince 

others are explored. The first approach involves relying on statistical evidence obtained from 
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external sources, emphasizing the available objective data. The second approach involves 

leveraging other individuals' experiences and opinions and utilizing personal narratives to 

engage the audience. Both methods aim to enhance the speaker’s persuasiveness by presenting 

compelling arguments. Commonly, the inclusion of supporting material, such as evidence or 

proof, is believed to bolster the cogency of the information presented (Allen and Preiss 1997). 

Building upon this assumption, the research examines whether including facts and numerical 

information in the message, i.e., statistical evidence, effectively influences the audience’s 

decision-making process. Alternatively, the potential power of anecdotal stories, i.e., narrative 

evidence, in shaping customer attitudes and behaviors is explored. By investigating the 

comparative impact of these two sub-treatments, statistical messaging and narrative messaging, 

the experiment aims to shed light on the most effective and persuasive approach to promote the 

purchase of funeral insurance by fostering re-engagement. Through the comprehensive 

analysis, it is sought to provide valuable insights that can inform future communication 

strategies for chatbot applications.  

 

As a persuasive tool, statistical evidence encompasses quantitative information that relies on 

substantial data points (Hornikx 2018). This approach employs numerical measures to convince 

the message receiver. To illustrate the efficiency of statistical evidence, De Wit, Das, and Vet 

(2008) conduct a comparative study to raise awareness among homosexual men about the risk 

associated with hepatitis B virus infection. The researchers examined the impact of two distinct 

messages, with one emphasizing statistical evidence. They focused on communicating the 

increase in infection cases and risk levels using numeric measures. Similarly, Kopfman et al. 

(1998) explore how different message types could increase the number of individuals filling 

out organ donor cards. Their statistical message emphasizes the urgency of committing to organ 

donation by presenting factual information and statistics. This method offers the advantage of 
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applicability across a broader range of populations, as the information is grounded in extensive 

case data (Allen and Preiss 1997). However, it is important to note that statistical information 

can be prone to misunderstandings, particularly when individuals lack sufficient education and 

knowledge on interpreting such measures. 

 

In contrast to statistical evidence, narrative evidence relies on concrete stories typically narrated 

from the perspective of one or a few protagonists (De Wit, Das, and Vet 2008; Kopfman et al. 

1998). These anecdotes aim to share specific experiences, actions, and outcomes related to the 

topic at hand, intending to persuade the message receiver. De Wit, Das, and Vet (2008) 

exemplify the use of narrative evidence in their study by introducing a fictitious character 

named Remco, who describes his journey of hepatitis B virus infection in a first-person quote. 

This narrative message emphasizes the urgency of receiving vaccination for protection. 

Similarly, Kopfman et al. (1998) created fictitious scenarios based on real-life cases for their 

narrative messages. They vividly portrayed a college student who, after his death, saved 

numerous lives through organ donation. These narratives aim to engage the message receiver 

by being relatable and easily understood (Allen and Preiss 1997). One key advantage of 

narrative evidence is its ability to convey significant information using concise storytelling 

techniques (Kopfman et al., 1998). De Wit, Das, and Vet (2008) further elaborate that the 

persuasive effect of narrative evidence is based on the psychological principle of heuristics. 

Vividly presented information that resonates with the message receiver’s circumstances can 

trigger strong emotional reactions and enable vivid imagination. This facilitates easier recall of 

the shared information and promotes active message processing. However, it is important to 

note that narrative evidence often consists of a single case (Hornikx 2018), reducing the 

probability of the message receiver relating to the scenario. In some cases, the feeling of 
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dissimilarity may even lead the message receiver to conclude that the issue does not affect them 

personally (Baesler and Burgoon 1994). 

 

Sending out such treatments via chatbot requires careful consideration in designing them. 

Previous research indicates that many customers are skeptical of chatbot communication due to 

the absence of interaction with real humans (Adam, Wessel, and Benlian 2021). Chatbot 

technology faces the challenge of lower social presence (Konya-Baumbach, Billa, and von 

Janda 2023; Araujo 2018) as it lacks non-verbal cues like facial expressions, gestures, and vocal 

cues that are facilitated through physical appearance (Gunawardena and Zittle 1997). However, 

studies have demonstrated that chatbots can enhance social presence by applying 

anthropomorphism. Biocca (1997) defines social presence as the perception of one individual 

that the other instance it is communicating with is real and present. The concept of social 

presence traces back to Short, William, and Christie’s (1976) discussions on telecommunication 

in social psychology. They developed a theory that social presence depends on a system’s 

ability to convey information through verbal and non-verbal cues. Konya-Baumbach, Billa, and 

von Janda (2023) suggest that chatbots can increase social presence by incorporating 

anthropomorphic elements, such as names, profile pictures, emoticons, and human-like 

language. Anthropomorphism refers to attributing human-like characteristics, motivations, 

intentions, and emotions to non-human entities like chatbots (Epley, Waytz, and Cacioppo 

2007). Considering the significance of social presence and the potential for anthropomorphism 

to enhance chatbot interactions, it becomes imperative to incorporate these concepts when 

designing the two message types within the context of chatbot communication. By infusing 

emotional narratives and utilizing the appropriate social cues and anthropomorphic elements, 

chatbot messages can be created that foster social presence, establish a sense of human-like 

interaction, and ultimately enhance user engagement and persuasion.  
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To date, the literature has not explored the relative effectiveness of statistical and narrative 

evidence when communicated via a chatbot, particularly within the context of the insurance 

purchase process. Therefore, this study aim to fill this research gap by drawing insights from 

existing studies and conducting a new experiment to determine which message type via chatbot 

is more effective.  

 

The statistical message is carefully configured to encourage customers to continue purchasing. 

By distinguishing it from the narrative message in terms of social presence, it is designed to be 

worded in a straightforward manner, showing few emotions. The message begins with a general 

introduction, acknowledging that the chatbot has noticed the individual’s pause in the funeral 

cover purchase. Subsequently, three relevant facts are presented: Firstly, the message highlights 

the substantial costs typically associated with funerals in South Africa, drawing data from a 

national news site (Moonstone 2022). It emphasizes how funeral insurance can cover these 

expenses, underscoring the financial protection it offers. Secondly, the message provides 

information regarding the number of adults in South Africa who already possess funeral cover, 

establishing the prevalence and acceptance of such insurance among the population (FSCA 

2022). This statistic aims to create a sense of reassurance and comfort, implying that acquiring 

funeral insurance is a common and prudent decision. Lastly, the message emphasizes the 

increasing trend of individuals completing insurance purchases via WhatsApp. By highlighting 

this convenient and familiar mode of transaction, the message aims to instill confidence and a 

sense of ease in continuing the purchasing process immediately:  

 

“Hey, we noticed that you did not finish the funeral cover purchase.

💡

 Did you know that a 

typical funeral can cost between R15,000 and R100,000? Hence, many families need to take 
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out loans to finance the funeral of family members. A funeral cover can relieve the financial 

burden as it covers costs up to R100,000.  

In South Africa, 42% of adults already have funeral cover. Become one of them to avoid 

financial distress in the future. It is as easy as it sounds: 85% of all sales are fully completed 

right here in WhatsApp, no phone call needed.  

Do you want to get a funeral cover now? Just click "Continue Quote“ and you will be guided 

through the process.”  

 

Recognizing the significance of social presence in chatbot interactions, the narrative message 

is crafted to evoke emotions, employing carefully selected emojis. It begins by acknowledging 

the pause in the funeral insurance purchase, mirroring the introductory approach of the 

statistical message. However, the narrative message takes a different approach by incorporating 

a first-person quote from a fictitious customer who has personally experienced the financial 

burden of funeral costs following the loss of a loved one. This quote humanizes the message 

and makes it more relatable, allowing the audience to empathize with the challenges individuals 

face in similar situations. Through the use of emotionally charged words such as “touching 

story", “life-changing decision”, and “relieved”, the narrative message aims to elicit a strong 

emotional response from the recipient. As the narrative unfolds, the first-person quote provides 

a personal perspective that allows the audience to immerse themselves in the story, fostering 

empathy and a deeper understanding of the need for adequate coverage.  

 

“Hey, we noticed that you did not finish the funeral insurance purchase. We want to share with 

you a touching story from a recent CompariSure customer who made a life-changing 

decision

💡

: 
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👩🦱 “After unexpectedly losing a beloved family member, I faced an impossible task: providing 

a dignified farewell while shouldering the heavy burden of funeral costs alone. I don’t want this 

to happen to me or my loved ones again. CompariSure was easily able to help me purchase a 

funeral cover policy.  I am now very relieved that my family won’t have the added stress of 

funding my funeral." ♥  

Join the countless individuals who have turned their personal experiences into life-changing 

decisions. Do you want to get a funeral cover now? Just click "Continue Quote” and you will 

be guided through the process. 🌟 ” 

 

In line with the overarching goal, both messages conclude by inviting the recipient to consider 

continuing the quote. Posing this question, encourages the individual to take the next step in the 

funeral insurance purchase process, motivated by the emotional impact of the shared experience 

and the desire to avoid a similar burden. 

IV. METHODOLOGY 

4.1 Data Collection 

The primary objective is to address the core research question of whether reminders can 

effectively retarget customers who initiated the funeral purchasing process via chatbot but 

discontinued before concluding a sales transaction. To collect data for the study, RatherChat’s 

chatbot is utilized and employs four automatic reminders dispatched at three times during the 

day. A condition is implemented to ensure that individuals who halted the process shortly before 

a threshold time do not receive a reminder immediately after. According to this, the earliest 

reminder can be sent out two hours after their last interaction with the chatbot. For instance, if 

a customer stops the process at 11.30 am, the earliest possible reminder they could receive 
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would hence be at 6 pm. The sample includes 5,214 observations collected over a total period 

of eight weeks. 

 

A customer receives either none or one of the two messages after the conversation has been 

interrupted. In that case, she or he will be given the option to continue the quote or indicate 

their disinterest by selecting ‘not now’. Once the customer chooses to proceed by clicking 

‘continue quote’, they are guided back to their last interaction with the chatbot, which reflects 

the previous interaction's dropout. They are prompted to provide relevant information required 

for completing the funeral insurance purchase. Throughout this process, various interaction 

events are tracked, such as the moment the initial conversation pauses, the timing of reminder 

dispatch, and the end of the conversation after re-engagement. These data points are 

subsequently compiled into a comprehensive dataset. 

 

4.2 Randomization 

Each individual within the sample of 5,214 observations is randomly allocated to a specific 

group. Firstly, roughly one-third (n = 2,645) is assigned to the control group, where the 

observations are excluded from any intervention. This group serves as a benchmark with which 

the actual effect of the treatments can be determined. Another third is allocated to the message 

group (n = 2,569), as shown in Figure 1 below. Participants receive a statistical or a narrative 

message when allocated to the message group. Simultaneously, each treated participant 

randomly receives the reminder at one of the three preselected time slots. For instance, 431 

participants receive the narrative and 462 the statistical message at 6 am. Further, it allows to 

accumulate over the specific time slots, irrespectively of which reminder type has been sent. 

This results in a sample size of n = 1,813 for participants receiving any reminder in the morning, 

n = 1,638 at noon, and n = 1,727 in the evening.   
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Figure 1: Randomization of the sample  

 

4.3 Dependent Variables 

To effectively measure reminders are an effective tool to retarget customers who have 

interrupted the purchasing process, two outcome variables are specified. Firstly, a binary 

variable can take on a value of one if the chatbot user engages in the conversation after receiving 

one of the four sub-treatments at one of the three times of the day. If users continue the quote, 

it is considered successful retargeting, allowing them to proceed with the funeral insurance 

purchasing process. Secondly, the outcome variable sale is also designed as a binary variable, 

taking on a value of one if a sale occurs and zero if otherwise. From a marketing strategy 

perspective, the ultimate goal of sending reminders is to increase sales. Hence, this outcome 

variable is core to the analysis with the goal to test the effectiveness of reminders.  

4.4 Independent and Control Variables  

Throughout collecting data, a range of variables that can serve as explanatory factors in this 

analysis are gathered. The treatment variables are of particular importance, which indicate the 

specific reminder each customer received and the corresponding time of day when the treatment 
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was administered. Moreover, data on various interaction moments are captured, such as when 

the initial conversation and the conversation after re-targeting ended. In addition to these 

interaction-related variables, various socio-economic data such as number of children, language 

spoken at home3, and the number of policy members are collected. Additionally, conducting a 

subsample analysis with the variable age is only possible. Throughout the chatbot conversation 

the users are not asked to provide their age until shortly before finalizing the policy contract. 

The dataset does not contain the variable gender, as it is not required for generating a quote on 

funeral cover and hence not asked for throughout the process within the chatbot conversation. 

For a comprehensive list of variables, their corresponding names in Stata, and detailed 

descriptions, please refer to the Appendix.  

4.5 Hypotheses 

The hypothesis testing is split into two sections, Panel A and Panel B. The objective of Panel 

A is to investigate the effectiveness of sending reminders on the two outcome variables, 

continue quote and sale. In the analysis, the three preselected time slots - morning (6 am), noon 

(12 pm), and evening (6 pm) - are considered to further explore the optimal timing of sending 

reminders. To test the optimal time of dispatch, all reminders regardless of their type are 

accumulated.  The guiding hypothesis states: 

 

A) H1: Reminders are an effective tool to retarget customers at the most successful time of 

the day, irrespective of the type of reminder sent. 

 

 
3 South Africa has eleven official languages, namely English, Afrikaans, isiNdebele, isiXhosa, isiZulu, Sesotho, 

Sepedi, Setswana, siSwati, Tshivenda, Xitsonga. English serves as the common language of communication 

(Alexander 2023).   
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Panel B builds upon the previous Panel by further investigating how the reminders should be 

designed to successfully retarget chatbot users. This section's timing component is neglected as 

it solely examines the optimal design of reminders. For this purpose, Panel B.i) explores the 

effectiveness of the predefined designs for messages in general. While in a second step, in Panel 

B.ii) these broad types are specified into their subgroups: statistical and narrative message. The 

hypothesis states: 

  

B) H1: Regardless of the time of the day, an effective reminder design exists to re-engage 

customers who abandoned the purchasing process.  

4.6 Empirical Specification 

Panel A of the empirical testing aims to identify the optimal timing to re-engage with customers 

who had previously stopped their purchase process of funeral cover. Based on the two key 

outcome variables (outcome) the effectiveness of each time slot is evaluated: continue quote 

(cont_quote) and sale (sale). Several linear regression models to analyze the impact of these 

time slots on each outcome variable. In these models, the coefficients 𝛽!, 𝛽", and 𝛽# represent 

the influence of receiving a reminder at 6 am (morning), 12 pm (noon), and 6 pm (evening), 

respectively. The error term e in the equation measures the disparity between the actual outcome 

variable value and the predicted value generated by the model calculations. The linear 

regression model is given by Equation 1: 

 

1) 𝑜𝑢𝑡𝑐𝑜𝑚𝑒 = 	𝛽$ +	𝛽! ×𝑚𝑜𝑟𝑛𝑖𝑛𝑔 +	𝛽" × 	𝑛𝑜𝑜𝑛 +	𝛽# × 𝑒𝑣𝑒𝑛𝑖𝑛𝑔 + 𝑒	 

 

Panel B compares the impact of receiving a message on the outcome variables in general. In a 

second specification, the effect of narrative vs. statistical message on the three outcome 
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variables, regardless of timing considerations is examined. Equation 2 measures the effect of 

the reminder type on the dependent variables. Similarly, Equation 3 illustrates the linear 

regression model for measuring the effect of the specific sub-treatments.  

 

2)	𝑜𝑢𝑡𝑐𝑜𝑚𝑒 = 	𝛽$ +	𝛽! ×𝑚𝑒𝑠𝑠𝑎𝑔𝑒 + 𝑒 

3)	𝑜𝑢𝑡𝑐𝑜𝑚𝑒 = 	𝛽$ +	𝛽! × 𝑛𝑎𝑟𝑟𝑎𝑡𝑖𝑣𝑒 +	𝛽" × 	𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑎𝑙 + 𝑒 

V. RESULTS 

5.1 Empirical Results 

Table 1 presents Panel A and B results using the dataset with 5,214 observations. In Panel A, 

highly significant results regarding the effectiveness of reminders are observed. Based on this 

finding, the null hypothesis regarding quote continuation can be confidently rejected, indicating 

that reminders effectively retarget customers, thereby supporting the alternative hypothesis. For 

instance, sending out reminders at noon, irrespective of their type, leads to an approximately 

15% increase in the likelihood of users continuing the quote. The difference in the coefficients 

of the three day times is smaller than the standard errors between them, indicating that it cannot 

be said with certainty which time is most effective for quote continuation. Albeit promising 

significant effects on the uptake of further conversation after receiving a reminder, none of the 

three time slots reveals a positive effect on completed sales transactions. This result indicates 

that the null hypothesis cannot be rejected regarding sales, implying that sending reminders 

does not necessarily lead to increased completed transactions. Reminders serve as a valuable 

tool to retarget customers but fail to evoke a positive influence on sales. 
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Table 1: Overall results of RCTs 

 
Note: *** p<0.01, ** p<0.05, * p<0.1. Reminders increase the likelihood of quote continuation but have 

no impact on sales. The unit of observation is a chatbot user. Panel A reports the result when reminders 

are dispatched at three times during the day. Panel B.i. shows results for general reminder types, Panel 

B.ii. represents findings splitted by subcategories of reminders. Column 1 and 2 present results regarding 

two outcome variables, quote continuation, and sales transactions. Controls include the difference 

between the end of the initial conversation and receipt of the reminder, the number of members insured 

under the policy, the language spoken at home, and the number of children. The robust standard errors 

are reported in parentheses.  

 

Panel B.i) indicates a strongly positive impact for messages on the probability of users 

continuing the quotation within the chatbot conversation as they exhibit an average increase of 

12%. This result favors the alternative hypothesis, emphasizing the effectiveness of the 
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reminder design when retargeting chatbot users. Considering the impact of the two reminders 

on sales, the results fail to reject the null hypothesis for the second outcome variable. Like 

findings in Panel A, sending such reminders does not yield higher sales transactions. While 

approximately one-third of total sales in the sample is completed by the control group, two-

thirds are almost equally distributed among the two reminder groups, as shown in Table 2. 

Hence, the findings support that the impact of reminders on sales approaches zero.  

 

Table 2: Distribution of completed sales among reminder types 

 
Note: Table shows equal distribution of sales among the control group and the two treatment groups, 

message receiver and quiz receiver. Total observations sum up to 7,755. 

 

According to the results in Panel B.i), message reminders successfully convince users to take 

up the quotation where they left off. In more detail, this form of reminder is further split into 

statistical and narrative messages in Panel B.ii), both being highly significant. Both messages 

increase the likelihood of continued conversation by 12% on average, providing evidence 

favoring the alternative hypothesis. It cannot be said with certainty that either of the two 

messages is statistically more powerful to convince recipients to continue the conversation. As 

expected, considering the results in Panel B.i), both message types have no significant effects 

on sales. Hence, the findings fail to reject the null hypothesis regarding the second outcome 

variable. 
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5.2 Subsample Analysis 

In the diverse regional landscape of South Africa, a variety of eleven official languages exist, 

all of which are represented in the sample. Approximately 60% of the individuals in the study 

disclose English as their primary language spoken at home. It is important to note that many 

South African citizens are bilingual, with English as a common language for communication. 

Hence, some individuals may indicate English as their first language but also speak one of the 

other ten languages at home. Following English, the second-largest group in the dataset 

comprises isiXhosa speakers (9.35%), followed by those who identify themselves with the Zulu 

language (8.72%). The distribution of the eleven languages within the dataset is shown in the 

Appendix.  

Table 3: Panel A results clustered by language spoken at home  

 
Note: *** p<0.01, ** p<0.05, * p<0.1. When split by language spoken at home, reminders increase the 

likelihood of quote continuation but have no impact on sales. The unit of observation is a chatbot user. 
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Column 1 and 2 present results regarding the two subgroups, English and any other language. Controls 

include the difference between the end of the initial conversation and receipt of the reminder, number 

of members insured under the policy, language spoken at home, and number of children. The robust 

standard errors are reported in parentheses.  

 

To draw further conclusions on Panel A, the sample is subdivided into an English-speaking 

group and one containing all other languages. As shown in Table 3, the coefficients describing 

the relationship between timing and the likelihood of chatbot users continuing the quote exhibit 

significance across all three time slots for the English subgroup and all other languages. 

Consistent with the initial results, the reminders have no significant impact on funeral insurance 

sales. When employing a Wald test to investigate whether the coefficients between the two 

groups have significant differences, it is proven that they are consistently equal. Thus, it cannot 

be concluded that there are major differences among language groups when retargeting chatbot 

users.  

 

To obtain more intricate findings for Panel B.i.), subcategories are established by examining 

the time interval between the conclusion of the initial conversation and the moment of the 

reminder dispatch. These subgroups are categorized into four segments, each representing a 

specific time interval in hours. The first group, in which reminders are sent within the first five 

hours after the initial interaction stops, is a reference to which all other groups are compared. 

Results are shown in the Appendix. Conducting the Wald test, it is discover that all coefficients 

in the subgroups are not statistically different from those in the reference group. Hence, no 

recommended time interval between the end of the initial conversation and dispatching 

reminders can be derived. Further, these results reveal consistency with those found in Panel 

B.i).  
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5.3 Robustness Check  

Considering the age distribution regarding sales, as shown in the Appendix, it is shown that 

most sales occur within the middle-aged population until age 45. Knowing this, it is useful to 

investigate if the effect of the reminders differs when the sample is categorized into two age 

groups. This analysis requires age as the determining factor of categorization, which reduces 

the sample size to 2,950 as the dataset does not entail the variable age for all 5,214 observations. 

Still, when observing the results on quote continuation in Table 5, no major differences in the 

coefficients compared to the general analysis are observed. In contrast to previous findings for 

the second outcome variable sale, this subsample analysis reveals significant results for the age 

group older than 45. Looking into the distribution of sales among the control group and two 

reminder groups, the data show a fairly equal distribution across the age group younger than 

45, as shown in Table 4. Contrastly, almost all sales in the second sub-group, aged above 45 

years, are attributed to the control group, with only one purchase being made after receiving a 

message reminder.  

 

Table 4: Distribution of completed sales among control group and reminder types clustered 

by age 

 
Note: Equal distribution of sales among the control group and the message group for chatbot users aged 

below 45. Almost zero sales under message receivers when aged above 45. Total observations sum up 

to 4,379. 
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These findings are mirrored in the results in Table 5 as coefficients for the second group even 

partially take on negative values. This implies that receiving a message reminder seems to 

impact the purchasing behavior of people older than 45 negatively. Given several unobservable 

external factors, this finding can only be vaguely interpreted. It may be that users above a certain 

age threshold are turned away from this form of marketing, even resulting in a backlash effect 

of message reminders. Firstly, older people could be simply annoyed by receiving additional 

and relatively long messages. Secondly, a message about the urgency of purchasing a funeral 

cover may trigger anxiety and death-related thoughts. These two reasons may lead to a lower 

willingness to deal with such a topic, resulting in close to zero sales transactions. No significant 

negative effect is found for quiz reminders on retargeting users, elevating the negative impact 

of message reminders for people above 45. 

 

Table 5: Overall results categorized by users aged below and above 45 years 
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Note: *** p<0.01, ** p<0.05, * p<0.1. Robustness check. Reminders increase the likelihood of quote 

continuation, irrespective of age group. In the form of messages, they negatively impact sales in the 

group of users above 45. No other impact on sales. The unit of observation is a chatbot user. Panel A 

reports the result when reminders are dispatched at three distinct times during the day. Panel B.i. shows 

results for general reminder types, Panel B.ii. represents findings splitted by subcategories of reminders. 

Column 1 and 2 present results regarding the two subgroups, age below 45 and above 45, respectively. 

Controls include the difference between the end of the initial conversation and the receipt of the 

reminder, number of members insured under the policy, language spoken at home, and number of 

children. The robust standard errors are reported in parentheses.  

 

VI. DISCUSSION 

6.1 Overall Results 

Many of the existing studies in the literature have consistently demonstrated that reminders 

positively impact driving customer engagement (Gravert 2021; Li et al. 2022; Goic, Rojas, and 

Saavedra 2021). Reminders can embrace specific behavioral action, effectively directing 

attention toward critical decision-making processes (Gravert 2021). Li et al. (2022) reinforce 

the effectiveness of reminders as e-coupons on retargeting customers. The implementation of 

targeted reminders for coupons significantly boosts the coupon redemption rate. Additionally, 

Goic, Rojas, and Saavedra (2021) focus on reminding customers about incomplete transactions 

or rekindling engagement with those inactive on websites for extended periods. Their study 

yields significant outcomes, particularly regarding the effectiveness of such reminders in 

increasing revenues through online channels. The findings of this research support the notion 

that users can be effectively retargeted through reminders within the chatbot purchasing 

process. A significant positive coefficient on quote continuation is observed, regardless of the 

treatments applied to different subgroups. Hence, the findings align with Gravert (2021) and Li 

et al. (2022), indicating that engagement can be enhanced when using reminders as promotional 

tools. However, the conclusion put forth by Goic, Rojas, and Saavedra (2021) that reminders 
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can increase overall sales cannot be supported. On the contrary, reminders appear to have no 

positive effect on sales.  

In the study context, reminders effectively persuade users to continue the quotation. However, 

despite this positive effect on quote continuation, neither design – narrative nor statistical - 

sufficiently influences overall sales transactions. This suggests that both designs may not be 

optimal within this specific study context. The findings align with literature, such as Du et al. 

(2020) and Gravert (2021), which indicate that reminders conveying the likelihood of an 

undesirable situation may have no effect or even a negative impact on the desired outcome. The 

contribution to the literature underscores the limited effectiveness of reminders with negative 

connotations in achieving sales objectives, corroborating findings from related studies.  

 

As previously outlined, several external factors may hinder the completion of the purchase of 

funeral cover. Firstly, a product requiring a stable income may not be affordable to many 

retargeted chatbot users. Even though quotes start as low as ZAR20 (~ one EUR), this might 

still be beyond possible for individuals with sporadic employment. Secondly, many people 

interacting with the chatbot might use the service to compare different product offerings to seek 

the best quotation. Consequently, retargeted customers may be interested in obtaining a 

personalized quotation and not proceed with the purchase transaction. Thirdly, once the 

purchasing process reaches a stage in which personal details must be shared such as the 

provision of identification, bank provider, and account details, they may be deterred by the 

administrative effort and prefer to stop the process. Fourthly, external distractions may make it 

impossible for users to continue the conversation. Such distractions could be due to work or 

family-related obligations, other push notifications on the phone resulting in a loss of attention, 

or a network disconnection. Fifthly, as section two of this paper describes, funeral associations 

play an important role in South African communities. Despite the higher risk of 
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mismanagement and corruption of informal means of funeral cover, many citizens may not be 

inclined to enter contracts with formal insurance providers. The latter lacks the emotional 

support and spiritual counsel that funeral associations can offer. Sixthly, as previously 

mentioned, the cost of data can also result in a hindrance, as it is relatively expensive in South 

Africa and thus an exclusive resource for some users. Finally, achieving successful contract 

completion may hinge on two critical factors: a comprehensive grasp of the product’s financial 

scope and a proficient use of digital devices. These factors can potentially deter individuals 

from fully understanding the complexity of the product or feeling overwhelmed using chatbot 

technology for purchasing activity. Users may lack trust in this novel technology when handling 

sensitive information, leading users to hesitate and thus fully engage in the digital purchasing 

process.  

 

The contribution to the literature opens a significant avenue for discussion. Considering that 

marketing is a well-established sector in most companies with substantial resources allocated 

to crafting promising promotional strategies, it is intriguing to encounter a robust null result 

regarding the effectiveness of reminders. While this study does not intend to cast doubt on 

marketing as a whole, it is wished to emphasize that sending reminders does not contribute to 

increasing sales in the specific case of this study. This represents only a small contribution to 

the broader topic. However, further research examining whether these results hold in regional 

markets or for various products could be insightful.  

6.2 Timing 

To the best of the authors’ knowledge, no existing literature specifically examines the impact 

of sending reminders at various times throughout the day on the continuation of a conversation 

via chatbot and subsequent sales transaction. Academic studies on the optimal timing of sending 
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survey invitations reveal that certain time slots can be more effective regarding response rates. 

For instance, Lindgren et al. (2020) find significant short-term effects, suggesting that sending 

surveys on weekdays between noon and evening is optimal in their study context. Nevertheless, 

as the study period advances, these effects gradually diminish. Faught, Whitten, and Green Jr. 

(2004) demonstrate that Wednesday mornings yield the highest response rates. This finding 

aligns with the results by Lewis and Hess (2017), who conclude that sending invitations during 

the early hours of the day is more effective in eliciting responses. This research does not uncover 

such significant differences in quote continuation among the three predetermined time slots 

during the day. This implies that communication timing with users may not be as critical within 

messenger-based chatbot technology. WhatsApp, which enjoys extensive popularity in South 

Africa, is a platform where users are generally receptive to frequent messages since they can 

access and read them conveniently. Many users may even appreciate regular contact, as 

WhatsApp is a platform where people enjoy spending their time and receiving messages is an 

integral part of the experience.  

6.3 Message 

The effectiveness of both message types in persuading the audience toward a particular matter 

remains a topic of debate in the literature, with mixed findings. According to De Wit, Das, and 

Vet (2008) statistical evidence is often deemed less effective than narratives due to its lack of 

memorable information. The authors find that participants perceived a higher personal risk of 

hepatitis B infection when exposed to narrative evidence. They propose that narratives more 

effectively highlight personal risk by evading defensive message processing. Additional 

studies, such as that conducted by Baesler and Burgoon (1994), support the notion that narrative 

evidence is more effective in conveying specific information. In contrast, Kopfman et al. (1998) 

discover that sharing statistical evidence about organ donation had a greater impact on 

systematic information processing, leading to heightened cognitive heuristics. Allen and Preiss 
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(1997) substantiate these findings by comparing both types of messages. It is worth noting that 

some studies have failed to yield a clear consensus on which message type is more effective. 

For instance, Zebregs et al. (2015) find that while statistical evidence strongly influenced beliefs 

and attitudes, anecdotal evidence had a greater impact on intentions. The findings of this study 

contribute to Zebregs et al. (2015) conclusion as no significant differences in the effectiveness 

of statistical and narrative messages could be found. These varying results of the findings of 

this study and those from the literature highlight the complexity of determining the superior 

effectiveness between statistical and narrative evidence.  

 

Some research suggests that sending reminders in the form of messages may not only have no 

positive effect but could potentially backfire, resulting in a negative impact on customer 

behavior. Gravert (2021) highlights this challenge and indicates that when health-related 

information is included in a reminder, readers might experience negative emotions and become 

irritated by the message. Upon analyzing the entire sample in this study, this research does not 

find any significant results for sales. However, in the subgroup analysis focusing on different 

age groups, small but highly significant negative coefficients on sales for the subsample aged 

above 45 is found. This suggests that individuals over 45 may react negatively when receiving 

a reminder as a message due to an unobservable factor. Since message reminders contain 

information about funeral cover, which is closely associated with death, they may evoke 

feelings of threat among older chatbot users, leading to this adverse response.  

 

What implications does this have for configuring optimal reminders in the form of message 

dispatch? It likely suggests that the same design principles employed in this study remain 

applicable. Still, great attention needs to be paid regarding the content, given its sensible topic 

that may trigger anxiety. It would be intriguing to explore whether concealing certain 
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information, such as funeral and death-related aspects, could be more effective. Instead, the 

message could emphasize the advantages and create a positive connotation, such as funeral 

cover policies being attractive alternatives to savings accounts. As previously described, 

chatbot technology lacks the presence of a real human. Social presence in this context plays an 

enormous role and adding additional anthropomorphism elements may result in different results 

regarding the effectiveness of such reminders.  

VII. FINAL REMARKS 
This study addresses a critical challenge in chatbot communications: the high customer attrition 

rate during purchasing. The research aims to investigate the effectiveness of re-engaging these 

customers through the chatbot to overcome interruptions. It examines the impact of different 

daily dispatch times and distinct reminder designs on quote continuation and sales transactions. 

The findings contribute to the broader literature on chatbot interactions and customer 

engagement. They highlight the complexities of re-engagement strategies and the importance 

of tailoring them to specific contexts. While reminders prove effective in keeping customers 

interested, their influence on sales remains limited.  

 

As the financial industry continues to embrace digital solutions, the role of chatbot technology 

becomes increasingly vital. Conducting additional research to assess strategies for promoting 

specific products could provide valuable insights into the argument that traditional marketing 

methods may no longer be adequate in this evolving technological landscape. 
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APPENDIX 

 
Figure A.1: Number of first interactions and total sales throughout the day. 

 

 
 

Note: Blue bars represent the number of first interactions during the day. The red line shows sales in 

absolute numbers. While the first interactions peak between 6 and 7 pm, sales are highest between 9 and 

10 am. Source: Internal RatherChat data, based on 25,410 observations.  

 

Figure A.2: Number of sales by hours from the first interaction.  

 
Note: Blue bars represent the number of sales categorized on hours between the first interaction and the 

actual sales transaction. Sales peak between zero and three hours after the first interaction with chatbot 

users. Source: Internal RatherChat data, based on 25,410 observations.  

 

0
10
20
30
40
50
60
70
80
90
100

0
200
400
600
800

1000
1200
1400
1600
1800

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

N
um

be
r o

f s
al

es

N
um

be
r o

f i
nt

er
ac

tio
ns

Number of first interactions per hour Number of sales per hour

0

50

100

150

200

250

300

350

400

450

 w
ith

in 
3h 6 9 12 15 18 21 24 27 30 33 36 39 42 45 48 51 54 57 60 63 66 69 72

abo
ve

 75
h

N
um

be
r o

f s
al

es
 a

fte
r f

irs
t i

nt
er

ac
tio

n



 48 

Figure A.3: Distribution of languages spoken at home in the overall sample. 

 
Note: English-speaking users represent the majority, followed by isiXhosa and Zulu. Most South 

African citizens choose English as the common language of communication. 

 

Figure A.4: Distribution of completed sales with respect to age. 

 

Note: The highest density of sales falls within the age of approximately 40 and 45. It decreases with 

increasing age. Data for age is available for 4,379 observations. 
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Table A.1: Panel B results of the direct impact of reminder type clustered by the time between 

the end of the initial conversation and the reminder dispatch. 

 
Note: *** p<0.01, ** p<0.05, * p<0.1. Reminders increase the likelihood of quote continuation, 

independently of the time between the initial conversation ended and the reminder dispatch. The unit of 

observation is a chatbot user. Panel B.i. shows results for general reminder types. Results are compared 

to Column 1, representing the results for reminders sent within the first five hours. Column 2 shows 

results for reminders sent between 5 and 10 hours, Column 3 between 10 and 15 hours, and Column 4 

after 15 hours. Controls include the difference between the end of initial conversation and receival of 

reminder, number of members insured under the policy, language spoken at home, and number of 

children. The robust standard errors are reported in parentheses.  

 

 

List of Variables: 

Stata Variable Description 

cont_quote Dummy variable indicating whether a chatbot user continued quote (=1) 
or not (=0) 

clicked_cont_quote Dummy variable indicating whether a chatbot user clicked on ‘continue 
quote’ (=1) or not (=0) 

sale Dummy variable indicating whether individual completed a sale (=1) or 
not (=0) 
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duration Duration of interaction after assigned time. If positive, re-engagement 
has been successful 

message Dummy variable indicating whether a chatbot user received any kind of 
message (=1) or not (=0) 

narrative Dummy variable whether individual received the narrative message (=1) 
or not (=0) 

statistical Dummy variable whether individual received the statistical message 
(=1) or not (=0) 

group Categorical variable indicating whether a chatbot user is assigned to the 
control group (=0), the narrative message group (=1), the statistical 
message group (=2), the incentivized quiz group (=3), or the non-
incentivized quiz group (=4) 

time Categorical variable indicating whether a chatbot user is assigned to the 
morning (=1), the noon (=2), or the evening (=3) group 

morning Dummy variable equal to 1 if user is assigned to morning slot 

noon Dummy variable equal to 1 if user is assigned to noon slot 

evening Dummy variable equal to 1 if user is assigned to evening slot 

age Age of chatbot user (available for 4,379 observations) 

language Categorical variable indicating the language of chatbot user spoken at 
home: 1 = English; 2 = Afrikaans; 3 = Zulu; 4 = Sepedi; 5 = Sesotho; 6 
= Xitsonga; 7 = isiXhosa; 8 = Tshivenda; 9 = Setswana; 10 = siSwati; 
11 = isiNdebele; 12 = Other 

language_t Language of chatbot user spoken at home 

children Number of children a chatbot user has 

holder_num Total number of individuals covered by funeral cover policy   

pre_time Time difference (measured in days) between the end of the initial 
conversation and the assigned time slot 

pre_time_hour Time difference (measured in hours) between the end of the initial 
conversation and the assigned time slot  

 


