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A Transformative Service Research Perspective on Caste-based Discrimination in 

Microcredit Lending in India 

 

Purpose – This research addresses the Transformative Service Research (TSR) agenda by 

examining the issue of caste-based financial exclusion in microcredit lending services in 

India. To do so, it draws on statistical discrimination theory from labour economics to 

develop and test a multi-level prosocial service orientation framework.  

Design/methodology/approach – Survey data come from 238 loan officers and 250 lower-

caste loan applicants across 43 microfinance institutions (MFIs) in India. The data are 

analysed using hierarchical linear modelling, a method appropriate for investigating micro- 

and macro-level organisational variables.  

Findings – At the micro-level, the service orientation factors of social dominance orientation 

and algorithmic-driven lending decisions affect financial exclusion of lower-caste bottom-of-

the-pyramid (BoP) vendors. At the macro-level, the service orientation mechanism of 

inclusive service climate reduces caste-based financial exclusion, while the level of lending 

risk to reduce discrimination receives no support. 

Research limitations – Research in other contexts is warranted to confirm the prosocial 

service orientation model. Methodological challenges at the BoP also present avenues for 

insightful work. 

Implications – The study shows the importance of an inclusive service climate and 

reassessment of algorithmic-driven lending decisions to eliminate caste-based indicators in 

lending decisions. It also recommends policy reform of caste-based affirmative action at the 

macro- and micro-levels of lending decisions.  

Originality – This research extends the transformative service research agenda to include 

caste-based discrimination in prosocial services. It takes a multidisciplinary perspective on 

services research by incorporating statistical discrimination theory from labour economics to 

extend understanding of service orientation. 
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Introduction 

Services, like most forms of exchange, are linked to and influenced by social understandings 

of status and power (Anderson and Xue 2022). This means that, like with many marketplace 

offerings, services are structured in unequal ways, and reify marketplace and social 

inequalities. These forms of inequality range from racism in marketplaces (Crockett et al., 

2003) to more subtle micro-aggressions and denial of service in service encounters (Azab and 

Holmqvist, 2021). The inequality of services, and how to alleviate the burdens placed on 

populations experiencing vulnerabilities is a key focus of the Transformative Services 

Research (TSR) movement (Anderson et al., 2013). One such marketplace discrimination that 

foments a discriminatory and uninclusive service environment is statistical discrimination, a 

form of “economic reasoning based on readily available proxy predictors such as a person’s 

race, gender, age and the like” (Baumle and Fossett, 2005, p. 1251). Statistical 

discrimination, which relies on economic agents drawing conclusions from imperfect 

information, incubates in markets over time, disenfranchising individuals and groups (Lang 

and Lehmann, 2012). Given its intangibility, statistical discrimination has not received the 

level of attention or condemnation that other forms of marketplace discrimination have.  

 We draw attention to and highlight the diminishing capacities of statistical 

discrimination by examining the exclusion of populations experiencing vulnerabilities by 

actors embedded into prosocial services, specifically the exclusion of Dalit (low-caste) 

individuals from microfinance services in India. Microfinance, a financial service to help 

alleviate economic difficulties of people at the bottom of the pyramid (BoP) (Blanco-Oliver 

and Irimia-Diéguez, 2019), has struggled to live up to its emancipatory potential. A report by 

the United Nations (2017) showed that loan officers—frontline service employees and key 

actors in the prosocial service structure—often refuse loans to lower-caste or Dalit vendors, 
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given a general assumption that borrowers from Dalit backgrounds are high-risk applicants 

with high default rates. 

The subjective nature of loan-decisions by loan officers was, theoretically, remedied 

by the introduction of algorithmic credits scores. However, social entrenched prejudices of 

loan officers who handle access to and data entry into the algorithm threatens the efficacy of 

these tools, especially when loan officers use heuristics in lending decisions, such as the one 

described above. Our study thus, investigates the exclusion of populations experiencing 

vulnerabilities from prosocial services by examining caste-based statistical discrimination, 

theorising the ways in which subjective (employee-based) prejudices can impact and alter 

seemingly objective (algorithm-based) decisions that can cause negative wellbeing outcomes. 

Using hierarchical linear modelling, we examine how a systemic form of discrimination 

manifests in a prosocial service-oriented organisation. In our conceptual framework (see 

Figure 1), we examine the micro-level (i.e., social dominance orientation and algorithmic-

driven lending decisions) and macro-level (i.e., inclusive service climate and service-lending 

risk) factors that affect financial exclusion of Dalit vendors seeking microfinance loans. 

Our study thus contributes to TSR in important ways. This research examines a type 

of statistical discrimination (Arrow, 1972; Phelps, 1972) that prevents service inclusion in 

microcredit lending service—namely, caste-based profiling of loan applicants in India. The 

systemic nature of this discrimination is worthy of attention because it results in lower-caste 

borrowers being excluded from accessing microcredit that was originally created to maximise 

wellbeing of populations experiencing vulnerabilities (Boenigk et al., 2021). We also 

contribute to the TSR agenda by introducing caste-based discrimination by frontline workers 

as an understudied form of service exclusion (Fisk et al., 2018). Specifically, we highlight 

how organisational prosocial motivations may be challenged by key actors embedded within 

those organisations (Alkire et al., 2020). As services are moving to data-driven models, we 
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highlight the issue of algorithmic injustice, a form of statistical discrimination that can occur 

when high-stake decisions are made based on implicit social understandings (Žliobaitė, 

2017). 

—Insert Figure 1— 

Service Exclusion and the Caste System 

One of the primary goals of TSR research is “uplifting wellbeing through service” (Alkire et 

al., 2020, p. 31). Understanding that services are ubiquitous and often structure much of 

modern social and economic life, it then goes that preventing access to services can often 

lead to negative outcomes. This is especially true when the exclusionary services are essential 

to what Ryff and Singer (2008) term eudaimonic wellbeing, or the ability for an individual to 

achieve their fullest potential.   

Services like healthcare or, in our case, microfinance are often designed to be 

inclusive, but often fail to live up to their potential as they are bogged down by structural and 

social subjectivities (Fisk et al., 2018). That is, services that are oriented towards inclusion 

are often limited by the implicit and explicit understandings of power and social status that 

are endemic to modern capitalism, where actors within organisations (such as employees or 

managers) are often unable to shed deeply held biases (Fisk et al., 2018, Anderson and Xue, 

2022). While marketing scholars have examined the ways biases such as racism can structure 

access to marketplace resources (Crockett et al., 2003), we introduce caste as an under-

theorised exclusion mechanism. 

The caste system is a core facet of Indian cultural identity (Chrispal et al., 2021). At 

the top of the caste hierarchy are “Brahmins, Kshatriyas, and Vaishyas (descendants of the 

religious, warrior/military, and mercantile elite, respectively), [who] comprise high-status 

groups, while the ‘untouchables’ occupy the lowest rung of the social ladder” (Ambedkar, 

1989, p. 99), a status conferred upon birth (See Figure 2 for Indian caste hierarchy). The 
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social architecture of the four-tiered hierarchical (varna) system did not include those on the 

periphery, the untouchables, or Dalits, who were often viewed as ‘polluted’ and ‘unclean’ 

(Ambedkar, 1916). Although the caste system has its roots in Hinduism, other religions (e.g. 

Christianity, Islam, Judaism, Sikhism) also possess similar social structures (Goldenberg, 

2009). To this day, despite some economic mobility, Dalits’ lower-caste status remains 

socially immutable (Bapuji & Kikon, 2021). Discrimination based on caste is illegal in India; 

yet this form of social stratification still “defines the core of Indian tradition even in 21st 

century” (Vikas et al., 2015, p. 476). 

Importantly for services research, caste-based discrimination is a major deterrent of 

eudaimonic wellbeing. In India, a person’s caste can be identified through several means, 

each of which serves as a proxy through which the individual can be marked as other in 

marketplace encounters. These identifiers—names, living locations and even diets—often 

feed into vicious cycles of exclusion, as individuals are often linked to negative stereotypes 

of untrustworthiness by proxy. Additionally, the financial inclusion of Dalits is challenged 

not just by caste hierarchies but also because they remain locked in informal economy and 

unskilled, low-paying occupations (e.g. street vendors, garbage collectors, road sweepers).  

—Insert Figure 2— 

 

Statistical discrimination theory and conceptual framework 

Service exclusion can take many forms, and we focus on statistical discrimination as enabling 

caste-based discrimination within microfinance institutions (MFI) by frontline employees 

(loan officers). Statistical discrimination, as explained by Arrow (1972) and Phelps (1972), is 

a form of discrimination that is often caused by the clash between optimising behaviour and 

limited or imperfect information. A concept that emerges from labour economics, statistical 

discrimination posits that in absence of perfect information, an economic agent’s optimal 
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prediction of an individual’s productivity is the weighted average of individual-specific 

proxies such as race, gender, age, caste, and the productivity of workers in the same group as 

the individual. Statistical discriminators’ motives are economic, and they aim to give each 

factor around an individual appropriate weight in relation to others (Arrow 1972, Phelps 

1972). In all cases, however, the ‘true’ statistical discriminator favours social hierarchies; 

thus, certain groups are either awarded or ‘unjustly’ penalised for belonging to a group 

(Baumle and Fossett, 2005). 

 To services researchers, statistical discrimination theory offers a means of examining 

how frontline service workers, such as the loan officers in MFIs, can terminate access to 

services by individuals who are marginalised. Frontline employees are often key actors in 

determining the execution of the service orientation, “the organisational climate for service 

crafts, nurtures, and rewards service practices and behaviour known to meet customer needs”, 

of the firm (Lynn et al., 2000, p. 282). Indeed, in prosocial services such as microfinance, 

frontline employees both act as proxies for management (Liang et al., 2010), but also reflect 

and embody social norms and can thus implicitly or explicitly deny service access (Azab and 

Holmqvist, 2021). 

 In this study, we employ a dual-level conceptualisation of service orientation: 

employee versus management levels (Gebauer et al., 2010). Service orientation at the 

employee, or micro-, level is associated with traits, attitudes, and behaviours of frontline 

workers and their impact on customers (Luk et al., 2013). By contrast, the management, or 

macro-, approach attributes high-quality service to organisation-wide policies, practices, and 

procedures that have top-down influences on employee performance (Lee et al., 2021). We 

use this micro–macro conceptualisation of service orientation to understand how statistical 

discrimination by MFI loan officers terminates service access of Dalit vendors. 



 8 

As statistical discrimination theory is about risk assessment of stigmatised groups, 

loan officers’ social dominance orientation is likely to influence their lending decisions. 

Social dominance orientation, or the attitudinal measure that justifies inequity, is critical to 

understand how statistical discrimination is instrumentalised in services (Alexandra, 2018). 

Social dominance orientation measures correlate well with discrimination (i.e., lending 

decisions) (Michinov et al., 2005), thus employee-level social dominance orientation and 

algorithmic-driven lending decisions are two dimensions of service encounter practices that 

may result in the termination of service access to certain groups that do not meet the 

‘standard’ norm of assessment.  

At the macro-level, the prosocial service-oriented practices within an MFI are shaped 

by the propensity to take lending risks with consumers experiencing vulnerabilities. We test 

whether the strength of an inclusive service climate and service-lending risk act as 

mechanisms to reduce caste-based financial exclusion of Dalit vendors. While many studies 

have examined how microfinance loans affect poor borrowers, little is known about whether 

MFIs’ lending practices eliminate caste-based inequality (Labie et al., 2009). This is a 

significant oversight, because MFIs’ lending practices are influenced by their ‘vision’ and 

‘leadership’, which are important facets of service orientation (Arasli et al., 2017). These 

management-level prosocial practices can also influence loan officers’ lending decisions at 

the micro-level. 

 

Hypotheses development 

Social dominance orientation addresses those who want to maintain group inequalities (Rios 

et al., 2015). Previous studies also indicate that social dominance orientation repudiates 

multiculturalism (Visintin et al., 2019) and the Black Lives Matter movement (Holt and 

Sweitzer, 2020). Thus, accounting for the social dominance orientation of frontline service 
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employees is critical to understand caste-based discrimination when accessing essential 

services (e.g. microcredit). This is because performance in the service industry hinges 

considerably on the orientation of the employees who provide the services and the 

expectations of the customer (Popli and Rizvi, 2015). Therefore, understanding social 

dominance orientation of frontline workers especially when it terminates service access to 

groups experiencing vulnerabilities is critical. Thus:  

H1. At the micro-level, loan officers’ social dominance orientation leads to caste-

based financial exclusion of Dalit vendors.  

 

Algorithmic-driven lending decisions refer to automated decision-making on 

standardised service operations, such as the assessment of applicants’ creditworthiness 

(Möhlmann and Zalmanson, 2017). In many MFIs, decision-making authority is allocated to 

loan officers or is decentralised at the branch level (Tchuigoua, 2018). A typical microcredit 

application in India requires information on the nature of business, income, age, residential 

status, and applicant’s caste (to provide special financial benefits). Consider a case in which a 

loan officer uses loan applicant data to predict whether the applicant will default. Let Χ𝜖ℝκ 

denote the 𝜅 feature of a loan applicant and 𝒴 ∈ {0, 1} a random variable indicating whether 

the applicant repays the loan (𝒴 = 1) or defaults (𝒴 = 0). The loan officer approves 

applications using a scoring model that predicts risk scores 𝑠(Χ) = Ρ(𝒴 = 1|Χ). The score 

function accepts customers with scores above a cutoff τ. Let 𝒳𝑎 ∈ {0, 1} denote a protected 

attribute associated with certain characteristics of the applicant. For example, 𝒳𝑎 could 

indicate whether the applicant belongs to a lower caste (𝒳𝑎= 1) or not (𝒳𝑎= 0). The value 

of 𝒳𝑎 should not influence the loan officer’s lending decision; however, inter-group 

differences in lending risk arise when the weight of 𝒳𝑎 is added to other values of the 

applicant, such as residence 𝒳𝑏, track record of past loan rejections, and so on, up to 𝒳𝑛, 

leading to an unfair assessment. 
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Although such borrower data make accurate credit assessments, they do not account 

for social hardships faced by Dalit vendors in running their business. Dalit vendors do not get 

access to upper-caste customers, nor can they operate businesses in markets meant for upper-

caste (business) people (Lum, 2016). Capitalism is profoundly casted in India. Consciously or 

unconsciously, financial service providers cannot ensure that all their employees assess 

applicants without bias (Fernandez and Menajovsky, 2019). Thus: 

H2. At the micro-level, algorithmic-driven lending decisions lead to caste-based 

financial exclusion of Dalit vendors.  

H3. At the micro-level, algorithmic-driven lending decisions mediate the relationship 

between loan officers’ social dominance orientation and financial exclusion of Dalit 

vendors.  

 

Strength of inclusive service climate is conceptually related to but distinct from 

service orientation (Lynn et al., 2000). According to Subramony et al. (2021) service climate 

is also an organisational-level variable influencing employees’ attitudes and behaviours 

towards customers. We endorse this view in our conceptual framework. Drawing on 

Schneider et al.’s (1998) original definition of service climate, we define inclusive service 

climate as frontline staff’s strategic prosocial practices that are rewarded, supported, and 

expected by organisations. Although inclusive service climate captures the aggregate of 

prosocial practices, the strength of inclusiveness must be amplified to filter down norms, 

behaviours, and practices with caste-based equality in mind. Some microfinance studies 

recommend using organisational-level incentives or bonuses to control for ethical tensions 

(e.g., Alkire et al., 2020; Tchakoute-Tchuigoua and Soumaré, 2019). We argue that such 

incentives may not be as important in the microfinance sector, as motivation comes primarily 

from the organisation’s mission rather than its ability to make (and share) profits. It is the 

strength of inclusiveness in a service climate that serves as a sustainable mechanism to assist 

loan officers when they navigate complex lending situations with little governance.  
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As a contextual factor, prior research has proved that service climate moderates the 

relationship between various unit-level predictors and customer outcomes (Bowen and 

Schneider, 2014; Friend et al., 2020). We contribute to this ongoing discussion by testing 

service climate’s role in reducing financial exclusion of Dalit vendors by loan officers who 

support cast-based inequity. Thus:  

H4. At the macro-level, inclusive service climate moderates the relationship between 

loan officers’ social dominance orientation and Dalit vendors’ financial exclusion, 

such that this relationship is weaker when there is a stronger inclusive service climate 

within MFIs.  

 

Service-lending risk, or the “likelihood that applicants are accepted by the bank” 

(Kozodoi et al., 2022, p.3, is a measure of borrowers’ creditworthiness. When calculating 

credit risk, MFIs increasingly weight applicants’ information on a range of criteria to judge 

the likelihood of recovering all their principal and interest when making a loan (Ayayi, 

2012). This risk assessment is crucial for determining financial service access and thus is 

susceptible to statistical discrimination. Economists have argued that MFIs’ poverty 

reduction benefits often face trade-offs related to repayment risk (Wry and Zhao, 2018). 

Consider, for example, a lending risk assessment on a typical loan model:  

ℛ(𝜅 − 𝓌)  ≥ 𝒟(𝜅 − 𝓌) +  𝑐,   (1) 

where 𝜅 is the loan required, 𝓌 is loan collateral, ℛ is 1 +  𝑟 loan interest, 𝒟 is capital cost, 

𝑐 is loan application fee, and ℎ are costs to default. When borrowers have low or no 

collateral, however, they will pay higher interest rates. Thus, by taking high lending risks 

with buyers potentially experiencing vulnerabilities, MFIs’ cost of defaulting will be higher 

than the cost of reimbursing the loan:  

𝒟(𝜅 − 𝓌) +  𝑐  ≤ ℎ𝜅.   (2) 

In many Southeast Asian and Latin American MFIs, loan officers follow a laborious 

process of screening poor applicants before issuing a loan (Inekwe, 2019). This results in 
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higher transaction costs and reduced operating efficiency for MFIs. At the same time, many 

MFIs depend on low-risk (upper-caste) applicants with low default rates (Lahkar and Pingali, 

2016). However, these low-risk applicants have the option to use other financial lending 

sources at competitive interest rate; thus, attracting and retaining these applicants is more 

expensive. Instead, taking higher risks using inclusive algorithmic decisions can help MFIs 

spread the risk across multiple applicants and maximise their outreach and financial 

inclusion. Thus:    

H5. At the macro-level, service-lending risk moderates the relationship between loan 

officers’ algorithmic-driven lending decisions and Dalit vendors’ financial exclusion, 

such that this relationship is weaker when there is higher lending risk.  

 

Method 

Design and sample 

The data came from one of the leading MFIs in India, which we refer to as Microloan 

Institute. With a primary focus on female BoP applicants, Microloan Institute was launched 

in year 2001 and controls a portfolio of two million customers and more than 20,000 loan 

officers. Its operations are spread across the country in more than eight states encompassing 

the south, the central region, and parts of eastern and western India. With the institute’s focus 

on recording and storing information digitally, we were able to access its online data on loan 

applicants for four eastern states in India: Bihar, Orissa, Jharkhand, and Uttar Pradesh. We 

chose these states because of their high number of microloan branches (i.e. 45 branches 

located within these states). The loan evaluation process is rather detailed, with both personal 

and business information encompassing use of third-party credit scores, standardised 

guidelines, and uniform loan-origination processes to ensure that all loan applications are 

appraised effectively.  
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We received permission from the institute to mail surveys to its branch managers and 

loan officers across the 45 microfinance branches. We eliminated two branches (one branch 

manager and one loan officer declined to participate), which left 43 branches, for a 92% 

response rate. These 43 branches consisted of 516 loan officers and their 43 branch 

managers. Loan officers start out in entry-level positions and then gradually move to senior 

positions. Most of their time is spent in the field interacting with potential vendors to either 

lend or collect loans. The role of branch managers is to liaise with the head office, oversee 

location revenue generation, administer field workers, and train branch staff. 

Approximately 238 loan officers, or between four and eight field workers from each 

of the 43 branches, completed our survey. Of the loan officers, 61% were male and the 

average age was 48 years; they had worked in their current role for between 3 and 7 years. 

More than half had an undergraduate degree (56%), one-quarter had received post-graduate 

education (26%), and 18% were high school–educated. By contrast, the bank managers had 

been in their current role for 15 years on average, and the majority were men (92%). In 

addition, 62% had an undergraduate degree and 38% post-graduate education.  

Following the protocol of studies on statistical discrimination (e.g. Dymski, 2006), we 

audited the online database of Microloan Institute on its rejected loan applicants. Audits 

provide a way to hold constant the attributes that are relevant to an economic agent when 

making decisions (Guryan and Charles, 2013). After case-wise deletion, the database was 

shortlisted against the most frequently requested loan amount (i.e. between 9,200 and 21,100 

INR [approx. US$123 to US$283]) for 12- to 15-month loan terms and income sources. We 

selected the data from the last six months because loan disbursement targets are set twice a 

year. From these data, we identified applicants with a Dalit background using their last name 

and caste certificate attached to the applications. We excluded other proxy indicators, such as 

age, gender, income, and religion, because these do not improve Dalit applicants’ social 
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position (Bapuji and Kikon, 2021). The final database consisted of 9,432 applicants 

belonging to the Dalit community out of 14,235 rejected applicants in total (i.e. 66.25% loans 

declined to Dalit applicants). We contacted 600 applicants from this list who lived in major 

cities of the selected states. We received responses from 295 loan applicants (49.16% 

response rate). We removed seven surveys from two non-participating branches and 15 

surveys that had more than 50% incomplete responses. We also excluded 23 applicant who 

confirmed having received loans from other MFIs or banks. Thus, the final sample consisted 

of 250 applicants.  

Most of the Dalit vendors (loan applicants) were women (62%) aged between 25 and 

32 years. Their businesses involved selling clothes and dry snacks on the street, catering, 

making women’s jewellery, repairing shoes, and selling vegetables door to door. Their 

monthly income ranged from US$150 to US$200, and vendors on average approached 

Microloan Institute for loans up to US$230. We asked these vendors to provide the reasons 

they could not secure a loan from Microloan Institute. Coding of the open-ended responses 

indicated that most applicants were unable to access microloans in an ‘affordable’, 

‘convenient’, and ‘hassle-free’ manner. For example, loans were not approved on time, the 

amount was too small, interest rates were too high, and/or the income limit set for 

microfinance eligibility was too high. Loans were also refused because of poor social status. 

Some applicants struggled to understand the repayments system, could not budget their 

payoffs, or did not have documents to support the application. Some applicants also 

complained about fearing the loan officer or being insulted by the officer for belonging to 

Dalit communities.  

 

Data collection procedure 
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Data collection occurred six months before the COVID-19 lockdown in India. We 

approached a large non-governmental organisation (NGO) that works with the BoP 

community to assist with data collection. The NGO is actively involved in protecting street 

vendors’ livelihood and rights. The vendors were contacted by volunteers from the NGO via 

phone and also through their local network of vendors. A meeting place was organised 

between the volunteers and vendors to fill out the survey. This meeting place was mostly the 

place of business or a nearby eatery. The volunteers explained the study’s purpose and 

assured vendors that their responses were voluntary and completely confidential and would 

not affect their relationships with any MFIs or banks. Vendors were compensated with a meal 

(about US$1) for filling out the survey.  

Branch managers were notified about the study by Microloan Institute’s head office 

and told that their participation would entail meeting with an NGO volunteer for 

approximately 25 minutes to complete a survey. A letter containing information about the 

study was also send from Microloan Institute announcing the research project. Branch 

managers were told that they could complete the survey while the NGO volunteer was 

meeting with the loan officer or could complete it within a week and mail it via a postage-

paid envelop included with the survey. Surveys were administered during working hours, and 

branch managers did not remain in the room while loan officers completed the survey. We 

coded loan officers’ surveys to allow for matching with branch managers’ survey 

information.  

 

Measure development and validation 
 
The development and validation of the measurement instrument was in English. We recruited 

an expert from the National Accreditation Authority for Translators and Interpreters to 

translate the material from English to Hindi and back to English. All the items were measured 
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on a 7-point Likert scale. Before the survey translation, a panel of three faculty members, five 

MFI senior managers, and five NGO senior managers who worked closely with BoP vendors 

reviewed all questionnaire items. Panel members reviewed the survey instrument for 

readability and to ensure the measures sufficiently addressed the subject area.   

We controlled for common method bias by collecting separate data for independent 

and dependent variables and avoiding the use of negatively worded items in the study 

(MacKenzie and Podsakoff, 2012). The study used SPSS V27 to ensure that measurements 

satisfy all the requirements of reliability, validity, and unidimensionality (for the list of 

measures, see the Web Appendix  

https://osf.io/ueqyd/?view_only=393606e437f743659bcebdce6717890b). 

We measured service-lending risk as the value of loans over 30 days past due, divided 

by the value of a microfinance branch’s loan portfolio. This measure is more reliable than 

‘default rate’, which can be manipulated by an MFI to portray a higher-quality loan portfolio 

(Wry and Zhao, 2018). We measured strength of inclusive service climate adapted from Dietz 

et al.’s (2004) branch-level service climate scale. An example item is, ‘Our branch responds 

to a broad range of problems faced by lower-caste applicants’ (α = 86). We assessed social 

dominance orientation using Pratto et al.’s (1994) social dominance orientation scale. We 

adapted this 16-item scale to measure the social dominance of higher-caste people in India 

(Cotterill et al., 2014). An example item is, ‘People from Dalit caste should stay in their 

place’ (α = 0.86). We assessed algorithmic-driven lending decisions using seven items that 

measured the extent to which computer-based assessment was used to make lending 

decisions. We adapted the scale from established literature on microfinance lending decisions 

(Galak et al., 2011; Maîtrot, 2019). An example item is, ‘I run computer programs on 

applicants’ data to make decisions about granting microloans’ (α = 0.83). Finally, we 

developed financial exclusion measures by adapting the measures on financial exclusion 

https://osf.io/ueqyd/?view_only=393606e437f743659bcebdce6717890b
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(Devlin, 2005). The five-item scale assesses access exclusion, condition exclusion, price 

exclusion, marketing exclusion, and self-exclusion. An example item is, ‘Loan officers often 

refuse loans to lower-caste applicants’ (α = 0.79). 

The first set of control variables related to MFIs includes branch location, size, age, 

lending methods, and level of competition. These variables affect financial access (Devlin, 

2005) and discrimination by loan officers (Labie et al., 2009). We dummy-coded branch 

location as rural and urban and measured branch size by the number of full-time employees 

in a given year (Yli-Renko et al., 2001). We also controlled for MFI branch age in years and 

efficiency, or the logged number of borrowers served per loan officer of each branch, a 

standard measure in microfinance literature (Cobb et al., 2016). Moreover, we gathered data 

on an MFI’s lending method (i.e. group vs. individual lending) and whether it offers support 

programs (Wry and Zhao, 2018). To control for competition, we measured MFI concentration 

by the number of new MFIs founded in each Indian state and the number of active MFIs 

(Cobb et al., 2016).  

The second set of control variables includes gender, age, education, and work 

experience of loan officers and Dalit vendors. We controlled for loan officer’s gender and 

level of education because these variables are related to lending decisions (Chan et al., 2010). 

We also controlled for their age because it is associated with knowledge and related  

outcomes (Kim and Lee, 2006). Finally, work experience can influence resource mobilisation 

and access to prior information (Shane and Cable, 2002). Similarly, we controlled for Dalit 

vendors’ gender, age, education, and work experience because these influence their financial 

decision-making (Cobb et al., 2016). While we coded age from birth year, we dummy-coded 

gender, level of education, and work experience. Table 1 reports the descriptive statistics, 

internal consistency reliabilities, and intercorrelations of all study variables. 

--Insert Table 1 here-- 
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Analysis strategy 

This study uses multilevel data with loan officers and Dalit vendors nested within branch 

managers. HLM version 8.0 from Scientific Software International reports both generalised 

least squares and standard errors as well as more robust standard errors (Raudenbush et al., 

2019). This software is well suited to estimate the type of cross-level interactions 

hypothesised herein (H1–H5). Given the hierarchical nature of the sample size, this study 

tests the hypotheses by using hierarchical linear modelling (Hofmann et al., 2000). 

 

Results 

Aggregation of variables 

Although the treatment of loan officers is at the individual level of analysis, we find 

meaningful between-group variances in loan officers’ social dominance orientation, 

algorithmic-driven lending decisions, and caste-based financial exclusion. We compute rwg 

values for these variables (James et al., 1984), obtaining median values of .87 for social 

dominance orientation, .93 for algorithmic-driven lending decisions, and .72 for caste-based 

financial exclusion. These values are well above the conventionally acceptable value of .70, 

indicating greater agreement between loan officers on the measures (Liao and Chuang, 2004). 

We also find meaningful between-group variances following intraclass correlation (ICC[1]) 

and reliability of the mean (ICC[2]) values (social dominance orientation: F(32, 52) = 1.66, p 

< .05; ICC[1] = .12, ICC[2] = .56; algorithmic-driven lending decisions: F(32, 52) = 3.42, p < 

.001; ICC[1] = .50, ICC[2] = .58). These between-group variances are important to test cross-

level interactions in H4 and H5). 
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Tests of direct effects 

H1 tests the effect of loan officers’ social dominance orientation on caste-based financial 

exclusion. The results in Table 2 confirm this direct relationship (γ10 = .28, p < .001, R2 = 

.16), in support of H1. H2 tests the direct effect of loan officers’ algorithmic-driven lending 

decisions on caste-based financial exclusion. This result is also significant, confirming H2 

(γ10 = .40, p < .001; R2 = .23). 

--Insert Table 2 here-- 

 

Test of mediation effect 

H3 tests the mediation effect of algorithmic-driven lending decisions on the relationship 

between social dominance orientation and caste-based financial exclusion. Table 2 shows that 

social dominance orientation has a significant direct effect on caste-based financial exclusion. 

We find that social dominance orientation is significantly related to algorithmic-driven 

lending decisions (γ10 = .18, p < .001; R2 = .14). We also included both social dominance 

orientation and the mediators in the regression. The results showed that both social 

dominance orientation (γ10 = .15, p < .05 R2 = .12) and algorithmic-driven lending decisions 

(γ10 = .07, p < .06, overall R2 = .14) are significant, confirming H3.  

Tests of moderation effect 

H4 proposes that the strength of the inclusive service climate moderates the relationship 

between loan officers’ social dominance orientation and caste-based financial exclusion. To 

investigate this interaction, we estimated two models (see Table 3). The preliminary model 

reveals a significant within-group relationship between social dominance orientation and 

caste-based financial exclusion (γ10 = .33, p < .001), in the presence of significant dummy-

coded control variables of lending method (γ03 = .12, p < .05) and MFI location (γ04 = .52, p < 
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.001), and significant variance in the level-1 slopes relating social dominance orientation to 

caste-based financial exclusion (U1 variance = .50; χ2(28) = 475.32, p < .01). The second 

model shows that the between-group interaction between social dominance orientation and 

caste-based financial exclusion is significant (γ05 = .48, p < .01), as is the cross-level 

interaction (γ11 = 1.64, p < .01). The R-square for inclusive service climate is .25 (i.e. [.32 – 

.16]/.32)2, confirming H4. We further examined the magnitude of the interaction effects using 

simple slope tests (Aiken and West, 1991). As Figure 3 shows, under a high inclusive service 

climate, the relationship between social dominance orientation and caste-based financial 

exclusion is significant but negative (t = –3.18, p < .01). Under a low inclusive service 

climate, this relationship is positive and significant (t = 4.47, p < .001).  

--Insert Figure 3 Here-- 

H5 proposes that service-lending risk moderates the relationship between algorithmic-

driven lending decisions and caste-based financial exclusion. Table 3 also shows the within-

group relationship between algorithmic-driven lending decisions and caste-based financial 

exclusion (γ10 = .14, p < .001), in the presence of significant dummy-coded control variables 

of MFI competition (γ03 = –.29, p < .001) and MFI location (γ04 = .32, p < .001), and 

significant variance in the level-1 slopes relating algorithmic-driven lending decisions to 

caste-based financial exclusion (U1 variance = .32; χ2(18) = 73, p < .01). However, the 

between-group interaction between algorithmic-driven lending decisions and caste-based 

financial exclusion is not significant (γ05 = .71, ns), while the cross-level interaction has a 

significant relationship to caste-based financial exclusion (γ11 = 2.14, p < .01). When we 

included service-lending risk in the model, the residual variance in level-1 slopes was no 

longer significant (U1 variance = .15; χ2(23) =29.67, ns), thus showing no support for H5. 

--Insert Table 3 Here-- 

Discussion  
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There is a need, as understood by TSR researchers, to conduct research that is more 

emancipatory “by raising awareness on unjust treatment of some groups in our society” 

(Field et al., 2021, p. 467). In this study, we show the recursive institutionalisation of 

marketplace inequalities by marketplace actors. We examine caste-based statistical 

discrimination as an under-theorised form of exclusion, and how this form of service 

exclusion limits the access of Dalit vendors to microcredit lending services. We draw on 

statistical discrimination theory (Arrow, 1972; Phelps, 1972) to guide the development of our 

prosocial service orientation framework. 

 

Theoretical Contributions 

We make two key theoretical contributions to work on service exclusion and the related work 

on wellbeing outcomes. First, we link two key concepts of interest to TSR scholars—

marketplace discrimination and service orientation. Extant research provides initial insights 

into how service access of certain vulnerable groups is restricted, constricted, or taxed (e.g., 

Francis and Robertson, 2021) and how excluded communities draw on technologies to 

liberate themselves from such marketplace discrimination (e.g. Ekpo et al., 2018). However, 

this literature does not account for consumer groups that cannot retaliate against technology-

mediated service denial such as statistical discrimination. Our study begins to address this 

significant gap by integrating marketplace discrimination with service orientation. 

The service orientation paradigm has aroused strong interest among service scholars 

(Gebauer et al., 2010). Our study deviates from existing studies, which largely measure 

service orientation on the rationale of the service-profit chain, by addressing Frimpong’s 

(2014) call to develop a holistic view of service orientation involving multiple stakeholders in 

the service delivery process. In doing so, we confirm the assertions made by e.g., Labie et al., 

(2009) and Maîtrot, (2019) that prosocial service-oriented firms often do not create well-
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being outcomes because of the intangible nature of social dominance orientation of their 

frontline staff who make service access decisions for at-risk groups. However, we find that an 

inclusive service climate supports prosocial service access, confirming the critical role of 

service climate in service orientation. 

Second, we follow the call of service scholars to broaden the service domain to 

improve well-being (Kabadayi and Tsiotsou, 2021). Our study introduces statistical 

discrimination theory from labour economics to demonstrate how economic agents, such as 

frontline service employees, discriminate even when they are nominally rational and non-

prejudiced. We contribute to this domain by presenting a multi-level model on how the 

seemingly mundane processes that underpin algorithms have the capacity to make service 

access decisions that then shape the eudaimonic wellbeing of consumers experiencing 

vulnerabilities. Whereas prior MFI research acknowledges the decentralised lending 

decisions of loan officers (Maîtrot, 2019; Tchuigoua, 2018), our multi-level model sheds light 

on the ‘calculative’ and ‘non-transparent’ microcredit lending culture that operates behind 

these algorithms.  

Practical implications 

Our findings also have implications for service design. Specifically, we extend the multilevel 

framework proffered by Alkire et al. (2020), who link service design with wellbeing, and 

work by Fisk et al. (2018). 

 First, our findings show how the exclusion decisions taken by frontline employees are 

impacted by organisational service orientation, and that exclusion by organisations that 

nominally are pro-social creates a complex and contradictory hybrid identity (Alkire et al., 

2020). Our findings suggest that a key determinant of ongoing successful service access for 

populations experiencing vulnerabilities is a service management structure that facilitates and 

centres inclusivity. Therefore, we argue that only when MFIs increase representations of 
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Dalit employees at all levels, including leadership, will the outcomes of inclusion occur. 

Reimagining inclusion must go beyond representations of ‘belongingness’ and requires a 

concerted structural and institutional realignment to create inclusive servicescapes (Fisk et 

al., 2018). This might begin with aligning prosocial motivations with community 

engagement, and investing heavily in representational leadership to negotiate contradictory 

hybridity within the service organisation (Alkire et al., 2020). 

Second, we introduce caste as an understudied motivator of service-exclusion. The 

perils of caste are analogous to an organisation that obstructs modernisation and 

marketisation, through which the Dalits often seek social liberation (Ambedkar, 1916). 

Therefore, marketing practitioners need to understand that the deep-rooted habits of casteism 

embedded in Indian culture will not simply disappear with a few employee training sessions. 

Addressing the caste issue will require collaborations from multiple actors, strategists, and 

organisational-level policies that explicitly deal with the intangible nature of caste-based 

discrimination (Alkire et al., 2020; Chrispal et al., 2021). Attention to caste can help 

organisations confront the grave effects of dehumanisation and recognise its disproportionate 

effect on consumers experiencing vulnerable, who are frequently subjected to insults and 

violence as they attempt to access mainstream services such as, real estate and financial 

services.  

Limitations and future research  

As with most research, this study has limitations. First, the multi-level data came from a 

single point in time. The use of cross-sectional data limits our ability to make causal 

inferences. A longitudinal study might provide greater insight into how frontline staff’s 

prejudice affects the exclusion of consumers who may be seen as vulnerable. Second, by 

examining a single industry in the Indian context, our ability to generalise findings across 
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other cultures was also limited. More cultural settings could be examined to add robustness to 

our findings. 

We found no support for the moderating role of service-lending risk in reducing caste-

based financial exclusion. An explanation could be that algorithms limit managers’ risk-

taking behaviour. Therefore, we recommend qualitative research to understand how service-

lending risk occurs and how it affects prejudice against others. Though not hypothesised, we 

found that MFI location influences our moderators—inclusive service climate and service-

lending risk. A reason could be that most excluded communities live in specific locations; 

thus, service scholars should explore how service location affects inclusion and/or exclusion. 

Research on marketplace discrimination, specifically modern forms of discrimination, builds 

on foundations from the tradition of critical race theory (Francis and Robertson, 2021). We 

therefore recommend that researchers in the critical race domain examine how caste may 

contribute an additional facet to service access inequality.  

This study ties TSR scholarship to labour economics to unpack statistical 

discrimination in prosocial service orientation. We take a multi-actor, multi-model 

perspective to uncover the practices that undermine and support service orientation for 

customer inclusion. Future research could examine financial exclusion faced by individuals 

from broader ‘below-the-poverty-line’ groups, and how our study can illuminate the other 

barriers to service inclusion. With this our paper expands the TSR agenda to include caste-

based discrimination as a form of marketplace discrimination that restricts access of minority 

groups to pro-social services. 
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 Table 1 Descriptive statistics and correlations 

 
    *p < .05; **p < .01; ***p < .001. 

 

Table 2 Results for H1–H3 

 
Notes: L1= level 1; L2= level 2: FE= caste-based financial exclusion; SDO= social dominance orientation; ALD= algorithmic-driven 

lending decision; γ00 = intercept of level-2 regression predicting ßoj ; γ01 = slope of level-2 regression predicting ßoj; γ02 = slope of level-2 
regression predicting ßoj; γ10 = intercept of level-2 regression predicting ß1j (pooled level-1 slopes); σ2= variance in level-1 residual (i.e. 

variance in rij); τ00 = variance in level-2 residual for models predicting ßoj (i.e. variance in u0); τ11 = variance in level-2 residual for models 

predicting ß1j (i.e. variance in u1); t-values are in parentheses.  
 Dummya

j is a simplified expression of all micro-level control variables used in the analysis.  

*p < .05, **p < .01, ***p < .001, one-tailed. 

 

 Variable  M SD 1 2 3 4 

1 Social Dominance Orientation 3.59 0.68 1    

2 Algorithmic-driven Lending Decision  3.86 1.08 .55** 1   

3 Inclusive Service Climate 4.54 1.47 -.14* .40* 1  

4 Service Access Risk 3.21 0.50 .05 .13* -.12* 1 

5 Financial Exclusion 4.81 0.99 .17* .33** .33* .27* 

Model Parameter estimates 

γ00 γ01 γ10 γ20 σ2 τ00 τ11 τ22 

H1         

L1: FEij = ß0j + ß1j (SDOij)+ rij         

L2: ß0j = γ00 + γ01(dummya
j) + u0j 4.94*** -0.5** .28*** 

 

 0.20 0.26*** 0.12**  

L2: ß1j = γ10 + u1j         

H2          

L1: FEij = ß0j + ß1j (ALDij) + rij         

L2: ß0j = γ00 + γ01(dummya
j) + u0j 5.26*** -0.99*** 0.40*** 

 

 0.25 0.28*** 0.01**  

L2: ß1j = γ10 + u1j         

H3: Mediation effect         

L1: ALDij = ß0j + ß1j (SDOij) + rij 4.73*** -0.51** .18***  1.00 0.01 0.08**  

L2: ß0j = γ00 + γ01(dummya
j) + u0j         

L2: ß1j = γ10 + u1j         

Total effect         

L1: FEij = ß0j + ß1j (SDOij) + ß2j (ALDij)+rij         

L2: ß0j = γ00 + γ01(dummya
j) + u0j 0.45*** -0.50* 

 

.15* .07* 0.12 0.22*** 0.04 0 

L2: ß1j = γ10 + u1j         

L2: ß2j = γ20 + u2j         
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Table 3 Moderation results for H4 and H5 

 

 
Notes: L1= level 1; L2= level 2: FE= caste-based financial exclusion; SDO= social dominance orientation; ALD= algorithmic-driven lending decision; ISC= inclusive service climate; SLR= service-lending risk 

γ00 = intercept of level-2 regression predicting ß0j; γ01–γ04 = slope of level-2 regression predicting ß0j; γ10 = intercept of level-2 regression predicting ß1j; γ11 = slope of level-2 regression predicting ß1j; σ2= 
variance in level-1 residual (i.e. variance in rij); τ00 = variance in level-2 residual for models predicting ß0j (i.e. variance in u0); τ11 = variance in level-2 residual for models predicting ß1j (i.e. variance in u1). 

In the level-1 analyses, ALD is group-mean-centred.  

Dummya
j is a simplified expression of all macro- and micro-level control variables used in the analysis. 

*p < .05, **p < .01, ***p < .001, one-tailed. 

 

Model  Parameter estimatesa  
γ00 γ01 γ02 γ03 γ04 γ05 γ10 γ11 σ2 τ00 τ11 

Preliminary model            

L1: FEij = ß0j + ß1j (SDO𝑖𝑗
𝑎 )+rij            

L2: β0j = γ00 + γ01(Mean_SDOj) + γ02(ISCj) + γ03 (dummy𝑗
𝑏)+ u0 3.02*** .09 0.32 .52*** .12*  .33***  0.72 0.02 .50** 

L2: ß1j = γ10 + u1            

H4            

L1: FEij =ß0j + ß1j (SDO𝑖𝑗
𝑏 )+rij            

L2: β0j = γ00 + γ01(Mean_SDOj) + γ02(ISCj) + γ03(dummy𝑗
𝑎)+  

+ γ04(Mean_SDOj ×ISCj) + u0 

10.60*** -1.94 -1.47 .55***  .48** -5.90*** 1.64** .86 .01 .28** 

L2: ß1j = γ10 + γ11 (ISCj) + u1            

Preliminary model            

L1: FEij =ß0j + ß1j (ALD𝑖𝑗
𝑎 )+rij            

L2: β0j = γ00 + γ01(Mean_ALDj) + γ02(SLRj) + γ03(dummyb
j) +u0 4.56*** -.99 0.53 -.29*** .32***  .14***  0.86 0.32 .32*** 

L2: ß1j = γ10 + u1            

H5            

L1: FEij =ß0j + ß1j (ALD𝑖𝑗
𝑏 )+rij            

L2: β0j = γ00 + γ01(Mean_ALDj) + γ02(SLRj) + γ03( dummy𝑗
𝑎)  

+ γ04(Mean_ALDj ×SLRj) + u0 

7.32** -.82 1.23 .36***  .71 –3.20** 2.14** .56 0.52 .15 

L2: ß1j = γ10 + γ11 (SLRj) + u1            
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Figure 1 Conceptual framework  

 

 

 

Figure 2 Employment based on Indian caste hierarchy  
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Adapted from Jones, T. (2017). India’s caste system: Weakened, but still influential Retrieved from https://www.dw.com/en/indias-caste-system-weakened-but-still-influential/a-39718124
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Figure 3 Moderation effect of H4 

 

 


