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ABSTRACT  

In South Africa, access to finance remains one of the major contributors to SME 

failures. The International Finance Corporation estimates that the credit gap for 

MSMEs in South Africa is R510bn. Traditional lenders often impose stringent 

requirements and avoid certain segments due to high information asymmetry 

costs. This factor has led to the advent of fintechs that seek innovative ways to 

provide unsecured funding. This study examines the role of fintechs in leveraging 

alternative data to provide credit access to SMEs. The study adopts a standard 

qualitative approach, with the primary methodology used to collect data being 

semi-structured interviews. Thirteen participants with varied exposure to 

alternative data in the fintech sector were interviewed. The findings of the study 

reveal the transformative nature of alternative data, as it significantly reduces 

information asymmetry and enhances credit provision. Furthermore, the study 

concludes that alternative data should be used to supplement rather than replace 

traditional data. The research highlights the fact that while fintechs favour hard 

data over soft data for more objective decision-making, the use of alternative data 

in South Africa is still emerging. The study further reveals that soft data are less 

weighted by fintechs compared to hard data which enable fintechs to make 

objective decisions. The conclusion reached is the need for collaboration among 

fintechs, regulators, and other stakeholders in the financial ecosystem to foster 

and promote data sharing practices in the alternative data space. This 

collaborative approach is essential for addressing the prevailing issues of 

information asymmetry and for further enhancing SME access to finance.  

KEYWORDS: Lending, SME, SMME, Alternative data, Credit, South Africa 

Credit, Fintech, Information asymmetry, Traditional data, Signalling, Screening, 

Adverse Selection    

  



 
iii 

DECLARATION 

 

I, Mandlenkosi M Khupe, declare that this research report is my own work except 

as indicated in the references and acknowledgements. It is submitted in partial 

fulfilment of the requirements for the degree of Master of Management in the field 

of Digital Business at the University of the Witwatersrand, Johannesburg. It has 

not been submitted before for any degree or examination in this or any other 

university. 

 

Name:      Signature: 

 

Signed at …………………………………………………… 

 

On the ……………………………. day of ………………………… 20…. 

  

Mandlenkosi M Khupe

CAPE TOWN

17 TH  FEBRUARY 24

Mandla Khupe
Pencil



 
iv 

DEDICATION 

While writing this paper – I navigated through many highs and endured the 

deepest lows when my family was faced with a matter close to our hearts. As they 

say, the rest is history. We are here now!!  

To my extended family, both Khupe and Makgoka your quiet support has not 

gone unnoticed. Your understanding and absence of guilt for the times I missed 

family gatherings have been comforting. It gave me space to focus. Thank you.   

To my children, with one sitting on my lap as I type this, Papa has not always 

been available between balancing work and studying. While I have raised the bar 

with this milestone, I see it merely as a starting point for you. I will be your biggest 

cheerleader as you surpass the milestones and get our family to levels, we never 

imagined possible.   

A special tribute to my mom and my sister, I dedicate this research paper to you. 

You were the ones that planted the initial seeds. Your countless nights of making 

me coffee mattered Mama, and Belinda for setting me up to do my undergrad. I 

want to tell you, the tree you planted more than a decade ago continues to bear 

fruit.   

To my wife, Moyagabo, you have been a true soldier. You have not only 

shouldered a lot of family responsibilities, but allowed me the space to focus, all 

while caring for a newborn, come toddler. This accomplishment is as much yours, 

as it is mine.  You have put into this research paper just as much work as I did. 

Thank you.  

God Bless!! 

  



 
v 

ACKNOWLEDGEMENTS 

“It takes a community to build a leader”. 

I have had a community support me through this – from my company, the 

participants, my supervisor and many more that make an academic ecosystem 

work.  

I would like to extend my heartfelt gratitude to my company, Retail Capital, a 

division of TymeBank. Their financial support, flexibility and space provided for 

me to focus have been pivotal. I am especially grateful to my boss, whose 

encouragement and constant support has been invaluable.   

This research paper would not have been possible without the insights provided 

by the participants. Their willingness to set time aside, share their deep insights 

and provide feedback is much appreciated.  

To my supervisor, Dr. Jabulile Galawe (affectionately known as Dr J), you 

challenged me so much. Your comments were concise, but they could result in 

me deleting or reimagining pages and pages of work. I honestly could not have 

done it without you. I think I have been a demanding student and I appreciate 

your patience and your quick responses. To this day, I am still wondering how it 

is that you read my work faster than I could read my own work. Many thanks. 

Please continue shining your light with students that come after me. I too, will 

remember to pay it forward.  

  



 
vi 

TABLE OF CONTENTS 

ABSTRACT ..................................................................................... ii 

DECLARATION .............................................................................. iii 

DEDICATION ................................................................................. iv 

ACKNOWLEDGEMENTS ................................................................ v 

TABLE OF CONTENTS ................................................................. vi 

LIST OF TABLES ........................................................................... ix 

LIST OF FIGURES .......................................................................... x 

LIST OF ACRONYMS .................................................................... xi 

CHAPTER 1. INTRODUCTION ..................................................... 1 

1.1 STATEMENT OF PURPOSE ............................................................................ 1 

1.2 BACKGROUND OF THE STUDY ....................................................................... 1 

1.3 RESEARCH PROBLEM .................................................................................. 3 

1.4 RESEARCH OBJECTIVES  .............................................................................. 4 

1.5 RESEARCH QUESTIONS  ............................................................................... 5 

1.6 RATIONALE ................................................................................................. 6 

1.7 DELIMITATIONS OF THE STUDY...................................................................... 8 

1.8 DEFINITIONS OF TERMS ............................................................................... 9 

1.9 ASSUMPTIONS .......................................................................................... 10 

1.10 CHAPTER OUTLINE .................................................................................... 12 

CHAPTER 2. LITERATURE REVIEW AND THEORETICAL 
FRAMEWORK  13 

2.1 INTRODUCTION ......................................................................................... 13 

2.2 BACKGROUND DISCUSSION ........................................................................ 13 

2.3 AVAILABILITY AND ACCESSIBILITY OF CREDIT FOR SMES .............................. 15 
2.3.1 ACCESS TO FORMAL FUNDING ........................................................................... 15 
2.3.2 ACCESS TO INFORMAL FUNDING......................................................................... 17 
2.3.3 GOVERNMENT FUNDING .................................................................................... 18 
2.3.4 FINTECH LENDING ............................................................................................. 18 
2.3.5 PROPOSITION 1 ................................................................................................ 19 



 
vii 

2.4 USAGE OF ALTERNATIVE DATA BY FINTECHS ................................................ 19 
2.4.1 ALTERNATIVE DATA ........................................................................................... 20 
2.4.2 ACCESSING ALTERNATIVE DATA (BIG DATA) ........................................................ 21 
2.4.3 FINTECH INGESTING ALTERNATIVE DATA ............................................................. 22 
2.4.4 ALTERNATIVE DATA AND INFORMATION ASYMMETRY ............................................ 23 
2.4.5 PROPOSITION 2 ................................................................................................ 24 

2.5 THEORETICAL FRAMEWORK ........................................................................ 24 
2.5.1 OVERVIEW ....................................................................................................... 24 
2.5.2 ADVERSE SELECTION (THE LEMONS PRINCIPLE IN CREDIT)................................... 25 
2.5.3 SIGNALLING IN CREDIT ...................................................................................... 29 
2.5.4 SCREENING IN CREDIT ....................................................................................... 31 

2.6 CONCLUSION OF LITERATURE REVIEW ......................................................... 34 
2.6.1 PROPOSITION 1 ................................................................................................ 34 
2.6.2 PROPOSITION 2 ................................................................................................ 35 

CHAPTER 3. RESEARCH METHODOLOGY ............................. 36 

3.1 INTRODUCTION ......................................................................................... 36 

3.2 RESEARCH PARADIGM ............................................................................... 36 

3.3 RESEARCH APPROACH .............................................................................. 37 

3.4 RESEARCH METHODOLOGY ........................................................................ 39 

3.5 POPULATION AND SAMPLE.......................................................................... 40 
3.5.1 POPULATION .................................................................................................... 40 
3.5.2 SAMPLE AND SAMPLING METHOD ....................................................................... 41 

3.6 THE RESEARCH INSTRUMENT ..................................................................... 42 

3.7 DATA COLLECTION PROCESS ...................................................................... 44 

3.8 DATA ANALYSIS STRATEGIES AND INTERPRETATION ...................................... 46 

3.9 POSSIBLE LIMITATIONS AND CHALLENGES OF THE STUDY .............................. 47 

3.10 TRUSTWORTHINESS AND QUALITY ASSURANCE ............................................ 48 
3.10.1 CREDIBILITY ..................................................................................................... 48 
3.10.2 DEPENDABILITY ................................................................................................ 48 
3.10.3 TRANSFERABILITY ............................................................................................. 49 
3.10.4 CONFIRMABILITY ............................................................................................... 49 

3.11 ETHICAL CONSIDERATIONS ......................................................................... 49 

CHAPTER 4. RESEARCH FINDINGS ......................................... 51 

4.1 INTRODUCTION ......................................................................................... 51 

4.2 BACKGROUND INFORMATION ON PARTICIPANTS............................................ 51 

4.3 THEMATIC CODING ANALYSIS ...................................................................... 53 

4.4 PRESENTATION OF FINDINGS ...................................................................... 54 
4.4.1 FINDINGS BASED ON RQ1 ................................................................................. 54 
4.4.2 FINDINGS BASED ON RQ2 ................................................................................. 72 

4.5 SUMMARY OF FINDINGS ............................................................................. 90 

CHAPTER 5. DISCUSSION OF FINDINGS ................................. 92 

5.1 INTRODUCTION ......................................................................................... 92 



 
viii 

5.2 REVISITING THE DEMOGRAPHIC PROFILE OF PARTICIPANTS ........................... 92 

5.3 DISCUSSION PERTAINING TO PROPOSITION 1 ............................................... 94 

5.4 DISCUSSION PERTAINING TO PROPOSITION 2 ............................................. 100 

5.5 CONCLUSION .......................................................................................... 105 

CHAPTER 6. CONCLUSIONS AND RECOMMENDATIONS .... 107 

6.1 INTRODUCTION ....................................................................................... 107 

6.2 CONCLUSIONS REGARDING RESEARCH QUESTION 1 ................................... 107 

6.3 CONCLUSIONS REGARDING RESEARCH QUESTION 2 ................................... 110 

6.4 RECOMMENDATIONS ............................................................................... 113 

6.5 SUGGESTIONS FOR FURTHER RESEARCH .................................................. 115 

6.6 CONCLUDING COMMENTS ........................................................................ 116 

REFERENCES ............................................................................ 117 

APPENDIX A: INTERVIEW REQUEST COVER LETTER ........... 125 

APPENDIX B: PARTICIPANT INFORMATION SHEET .............. 126 

APPENDIX C: THE RESEARCH INSTRUMENT ......................... 128 

APPENDIX D: ETHICS APPROVAL ........................................... 129 

APPENDIX E: CONSISTENCY MATRIX ..................................... 130 

 



 
ix 

LIST OF TABLES 

Table 1: Annual SME Turnover Bands ............................................................. 10 

Table 2: Definition of SMEs .............................................................................. 11 

Table 3: Alternative data verticals .................................................................... 21 

Table 4: Participant profiles .............................................................................. 52 

Table 5: Theme identified ................................................................................. 53 

Table 6: Theme codes ..................................................................................... 72 

Table 7: Code co-occurrences ......................................................................... 72 

Table 8: Research questions and Theme alignment ........................................ 91 

 



 
x 

LIST OF FIGURES 

Figure 1: How SMEs create alternative data .................................................... 20 

Figure 2: Economics of information in the lending business ............................ 25 

 

 

 



 
xi 

LIST OF ACRONYMS 

API:   Application Program Interface 

BASA:  Banking Association South Africa 

FMCG:  Fast Moving Consumer Goods 

GDP:   Gross Domestic Product 

IFC:   International Finance Corporation 

MSME:  Micro, Small and Medium Enterprise 

OECD:  Organisation for Economic Co-operation and Development 

POPIA:  Protection of Personal Information Act 

SARB:  South African Reserve Bank 

SARS: South African Revenue Service 

SME:   Small Medium Enterprise  

 

 

 

 



 
1 

CHAPTER 1. INTRODUCTION 

1.1 Statement of purpose  

The purpose of this qualitative research report was to explore the use of 

alternative data by fintechs to provide access to credit for SMEs in South Africa. 

1.2 Background of the study 

Small and medium-sized enterprises (SMEs) play a vital role in the global 

economy, of significance to both gross domestic product (40%) and employment 

(50%) (World Bank, 2019). In South Africa, SMEs account for 34% of the 

country's gross domestic product (GDP) and employ a substantial labour force, 

ranging from 50% to 60% (International Finance Corporation, 2018).  It is evident 

that ensuring the sustainability of SMEs is critical to promoting economic growth, 

job creation, stable tax revenues, inclusiveness and stable salaries (Charaia et 

al., 2021).   

Defining SMEs, however, is complex as the classifications can differ across 

countries and industries. For instance, The Small Business Institute, uses size 

variables to categorise SMEs based on the number of individuals they employ 

(Stefan & Visser, 2021).  According to Stefan and Visser (2021), micro 

enterprises employ 0-10 individuals, small businesses employ 11-50 individuals, 

medium-sized businesses employ 51-200 individuals, and large corporates 

employ more than 200 individuals. Remarkably, the spectrum of SMEs extends 

from medium-sized enterprises employing over 100 people to informal sole 

proprietors (Kalitanyi, 2019). The definitions of SARS, SARB, and BASA for 

SMEs differ, highlighting the inconsistency in SME classification (International 

Finance Corporation, 2021). Given this diversity in SME definitions, 

encompassing factors such as sector, size, age, asset value and profitability, this 

research paper adopts the definition provided by the South African National Act 

for Small Business of 1996, amended in 2003 and 2004, that defines small 

enterprises as having fewer than 50 employees and less than R10m annual sales 
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revenue depending on industry. These businesses make up a large majority of 

small businesses found in South Africa. These businesses are represented by 

sectors such as health and beauty, general retail, backyard manufacturing and 

services, food and beverage, and construction (Kalitanyi, 2019).  

Access to finance is a key determinant of SME survival, growth and productivity 

(Błach et al., 2020; Łasak, 2022; Msomi & Olarewaju, 2021). The likelihood of 

SMEs obtaining credit from traditional financiers, such as banks, is low (World 

Bank, 2019). These traditional institutions have typically perceived SMEs as risky 

or expensive to serve, largely due to information asymmetry, collateral 

deficiencies, and inadequate financial records (International Finance 

Corporation, 2018). There is recognition in the SME credit market that information 

access is imperfect and obtaining information is costly (Stiglitz, 2000). Lenders 

and borrowers only share information with each other to the extent that it creates 

incremental opportunities for their respective businesses (Yan et al., 2015). In 

response, fintech companies have introduced transformative innovations, 

expanding access to credit for marginalised businesses. These fintechs have 

shifted the lending landscape by utilising alternative data to evaluate 

creditworthiness and provide financing to SMEs. 

Conventional banks often adhere to narrow interest rate ranges and binary credit 

approvals for approvals or declines, as opposed to finding the acceptable rate at 

which to lend (Mills, 2018). SMEs argue that when they submit credit applications 

to conventional lenders, they (lenders) often neglect to provide feedback on 

declined credit applications (Asah et al., 2020). In South Africa, the limitations of 

traditional banking systems in serving SMEs were notably exposed during the 

COVID-19 pandemic. Despite government efforts to implement a coronavirus 

loan guarantee scheme to mitigate losses, banks continued to rely on traditional 

lending methodologies and lacked cost effective distribution mechanisms, 

leading to low approval rates. According to International Finance Corporation 

(2018), at least 40% of SMEs have an unmet funding need in developing 

economies like South Africa. Due to the difficulties in accessing funding for SMEs, 

there is a massive gap that fintechs are bridging by utilising alternative data to 

provide access to credit for SMEs.   
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The global landscape has witnessed a surge in lending fintechs that utilise 

numerical data to automate credit decisions (Liberti & Petersen, 2019). South 

Africa has also experienced a similar trend, though to a lesser extent. Fintechs 

are defined as “advanced technology firms that have the potential to transform 

the provision of financial services spurring the development of new business 

models, applications, and whose products and services are directly applicable in 

the delivery of financial services” (Genesis Analytics, 2019, p. 2; International 

Monetary Fund, 2018, p. 14). In the credit sector, fintechs facilitate and leverage 

different forms of alternative data to provide funding to SMEs through internet-

based, cloud-based, or app-based platforms (Genesis Analytics, 2019). The 

definition of alternative data is characterised as data collected from “non-

traditional sources and not typically included in the traditional credit process. This 

alternative data may include unstructured and structured data” (Zou et al., 2020, 

p. 1). Other authors have defined alternative data as “proxy metrics or information 

originating from unofficial or noncompany sources” (Constable, 2019, p. 1). The 

International Finance Corporation (2021) defines alternative data more broadly, 

as any data that are not traditionally housed within a bureau environment. 

Structured alternative SME data include e-commerce sales, platform sales, 

purchasing data, logistics and shipping data, online accounting data, SME billing 

and payment data, and inventory tracking data (Owens & Wilhelm, 2017). 

Unstructured data that hold potential utility encompass telco data, email data, 

social media data, and bank statement data. 

1.3 Research problem 

This research report addresses the challenges that SMEs in South Africa are 

faced with in accessing credit from traditional lenders due to information 

asymmetry. Access to credit for SMEs is crucial for the sustainability of the South 

African economy (credit and capital are used as synonyms in this document). 

According to Mills (2018), credit access is the lifeblood of SMEs, as it enables 

them to start, sustain, and expand their businesses. Demand for credit by SMEs 

is vast, however they struggle to raise capital from the traditional lenders as they 

tend to be more informationally opaque (Yan et al., 2015). 
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Traditional banks have been the primary data source for SME information 

regarding creditworthiness by reporting or providing credit data to bureaus (Liberti 

& Petersen, 2019). When assessing credit, banks primarily rely on conventional 

methods, which often require collateral, high turnover thresholds, audited 

financial accounts, monthly management accounts, an existing banking 

relationship, a good credit score, a proven management track record and equity 

contribution (Asah et al., 2020). Unfortunately, most SMEs do not have this 

information. This information is particularly relevant for a market like South Africa. 

Globally, advances such as big data analysis are driving change in the lending 

industry. The study provides insight into the potential role alternative data present 

as leveraged by lending fintechs to reduce this problem. Fintechs are optimising 

collections, presentation, and evaluation of information for SMEs with thin credit 

files. SME lenders should be looking at an aggregate of different sources of data 

to get insight into the likelihood of repayment by SMEs (Asah et al., 2020). Asah 

et al. (2020) further highlight the potential role fintechs can play as pioneers of 

these financial breakthroughs when partnering with traditional banks.  

1.4 Research objectives  

The primary objective of the study is to explore the use of alternative data by 

fintechs to provide access to credit for SMEs in South Africa. To explore this, the 

study was broken into sub-objectives: 

Sub-objective 1: 

To explore how fintechs are transforming the SME credit landscape in South 

Africa through the use of alternative data.  

This sub-objective is broken down into the following elements: 

Element 1.1:  To assess the types of alternative data being utilised by fintechs in 

credit scoring. 

Element 1.2: To understand the extent to which alternative data complements 

traditional credit data in evaluating an SME’s creditworthiness. 
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Sub-objective 2: 

To examine how fintechs address information asymmetry in the credit 

assessment process. 

This sub-objective is broken down into the following elements: 

Element 2.1: To evaluate the role of subjectivity in providing credit to SMEs 

Element 2.2: To evaluate which data points are reliable to be an indicator of an 

SMEs’ future sustainability 

Element 2.3: To understand how specific data points are used to mitigate issues 

of information asymmetry 

1.5 Research questions  

There were two main research questions used in this study to explore uses of 

alternative data to provide credit access to SMEs in South Africa.   

Research Question 1 (RQ1):  

How are fintechs transforming the SME credit landscape in South Africa by 

using alternative data? 

This research question has been sub-divided into two questions:  

RQ1.1: What types of alternative data points do fintechs commonly rely on when 

credit scoring SMEs? 

RQ1.2: How do alternative data complement or substitute traditional credit data 

in evaluating an SME’s creditworthiness? 

Research Question 2 (RQ2):  

How are fintech lenders addressing information asymmetry in credit 

assessment for SMEs in South Africa?  

This research question has been sub-divided into two questions:  
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RQ2.1: How do fintechs incorporate subjective measures into their credit 

algorithms/models, transforming soft data into decision-making criteria?  

RQ2.2: What data points do fintechs depend on as indicators of SMEs’ future 

sustainability?  

RQ2.3: What kinds of alternative data are fintechs utilising to limit issues of 

information asymmetry in the credit assessment process?   

1.6 Rationale  

The rationale for this research is grounded in the substantial challenges faced by 

small and medium-sized enterprises (SMEs) in South Africa, particularly those 

with an annual turnover of less than R10 million (Kalitanyi, 2019). These SMEs 

encounter significant hurdles in securing access to traditional banking lines of 

credit, a problem that is particularly acute for micro-enterprises. This paper 

provides insights regarding the importance of SMEs being more deliberate about 

their digital personas for funding access.  

Traditional lenders work with hard and non-codifiable information such as 

borrower balance sheets and collateral (Fasano & Cappa, 2022). However, the 

South African SME market presents a unique scenario characterized by "thin 

files," where such critical information is frequently unavailable for the majority of 

SMEs. Consequently, this research contributes to the ongoing debate 

surrounding information asymmetry challenges faced by SMEs when seeking 

credit (Fasano & Cappa, 2022). Lenders, both fintech and conventional, can gain 

valuable insights into the utility of alternative data and understand how 

contributions from all players within the ecosystem can benefit everyone involved 

while addressing issues of information asymmetry. 

Furthermore, this research delves into the transformative role played by lending 

fintechs in reshaping the credit landscape for SMEs through the utilisation of 

alternative data. Alternative data serve as a catalyst for the growth of SMEs and 

have the potential to reduce the overreliance on traditional banks as the primary 

lenders to SMEs. By leveraging such data, fintechs are shifting their decision-
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making processes from predominantly soft information to hard data-driven 

approaches (Fasano & Cappa, 2022). For example in the minibus taxi industry, 

SA Taxi provides access to credit using telemetry that tracks capacity and 

demand on key routes, TPN uses rental payment data, Credolab uses 

smartphone metadata to generate credit scores and both Yoco and iKhokha use 

mobile point of sale data (International Finance Corporation, 2021). Addendum 

uses SME invoices with corporates to offer supply chain finance. In this context, 

this paper contributes to the expanding body of knowledge on how alternative 

data can serve as both a substitute and a complement to mitigate the pervasive 

issue of information asymmetry in SME lending. 

De la Torre et al. (2010) argue that banks in developed and developing countries 

view SMEs as strategic and have over time begun expanding operations to 

aggressively service this market. In the South African context, there is a 

noticeable absence of evidence indicating that domestic banks are aggressively 

servicing the SME market (Asah et al., 2020). This research highlights the 

transformative impact of fintechs in harnessing big data at a low cost and 

disrupting the credit landscape. Globally, traditional banks are recognising the 

pivotal role played by fintechs and have increasingly started forging partnerships 

to provide embedded funding solutions. Certain South African banks have begun 

to explore innovative approaches, such as utilising alternative data for credit 

decisions or forming strategic alliances with fintechs. As an example, GAP access 

by Nedbank and Pay As You Trade by Capitec are products that leverage mobile 

point of sale historic data to provide loans to SMEs. Other banks such as 

Standard Bank have collaborated with fintechs to provide a similar offering. 

Additionally, the emergence of disruptive neobanks like TymeBank, which have 

made strategic acquisitions of lending fintechs (acquired Retail Capital), 

demonstrates the evolving dynamics within the financial sector.  

In summary, this research is motivated by the need to address the financial 

challenges faced by South African SMEs, particularly those with limited access 

to traditional credit lines. It seeks to contribute to the discourse on mitigating 

information asymmetry and explores the transformative potential of fintechs in 

leveraging alternative data to reshape the SME lending landscape. By 
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highlighting the evolving credit landscape this research aims to provide valuable 

insights for the benefit of business owners, credit professionals, credit bureaus, 

CEOs (of companies that generate data servicing SMEs) and policymakers.  

1.7 Delimitations of the study 

The following areas were not explored in this study: 

i) Type of credit: The study used the word credit to refer to all forms of borrowing 

by SMEs. The nuances between different types of credit (unsecured debt to 

secured debt) have not been explored.  

ii) Credit assessment limitations: The specifications of the scoring models and 

inputs used by fintechs are subject to significant data limitations. These 

limitations are due to the sensitivity of the participants in sharing any data 

that provide insights into their intellectual property.  

iii) Regulation: The role of regulation was considered to be beyond the scope of 

this study. A detailed discussion on the regulatory frameworks in the fintech 

and alternative space would be premature as the industry is still 

underdeveloped.  

iv) Impact of alternative on SME success: The study does not measure the long-

term impact of using alternative on SME growth and sustainability. 

v) Data ownership: Ownership of data and the privacy issues associated with 

the alternative data were regarded as outside the scope of this research. 

Alternative data used by fintechs to evaluate SMEs for credit can be 

information generated by other fintechs, banks or other SMEs.  

vi) Alternative data depth: This research study does not go into detailed analysis 

of specific types of alternative data and their relative predictive power.  

vii) Limitations of the methodology: Lending fintechs tend to operate in a closed 

manner. The quantitative data regarding their performance and scoring 

models are often considered confidential and treated as intellectual property. 

These fintechs may also be hesitant to share the data since they generally 

do not own the data they utilize. Instead, they obtain it through partnerships. 
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1.8 Definitions of terms 

Alternative data:  Data collected from non-traditional sources and not typically 

included in the traditional credit process (Zou et al., 2020). 

 

Fintech: This term is used to refer to companies that use technology to deliver 

and improve financial activities (Schueffel, 2016). It involves the many different 

ways in which finance and technology meet (Fasano & Cappa, 2022). Łasak 

(2022) states that the term fintech can be understood as follows: (1) it is a 

technology and a solution based on the technology which is used in financial 

services and (2) it is connected with entities (startups) based on financial 

technology. The industry segments identified in the fintech landscape include 

payments, lending, savings and deposits, insurtech, investments, financial 

planning and advisory, capital raising and B2B tech providers (Genesis Analytics, 

2019). This research paper focused on the lending segment.  

 

Fintech lenders: Fintechs that primarily ingest alternative data, conduct credit 

scoring and make credit decisions. Entities facilitating and leveraging different 

forms of alternative data to provide funding to SMEs through the internet, cloud, 

or app-based platforms (Genesis Analytics, 2019). Examples include online 

lenders, asset financing lenders, alternative scoring and lending marketplaces.  

In this paper, the terms "fintech lenders" and "fintechs" will be used 

interchangeably. 

  

Hard information: Information that is reproducible in numbers and can be 

transmitted (Fasano & Cappa, 2022; Liberti & Petersen, 2019) 

  

SME: In this paper, SMME and SME will be used interchangeably. International 

Finance Corporation (2018) defines SMMEs using turnover rather than the 

number of employees. The turnover bands used by International Finance 

Corporation have been included in Table 1 below.  
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Table 1: Annual SME Turnover Bands 

  

 

Soft information: Information that cannot be summarised in numbers and 

requires expertise in the field to become meaningful and is typically collected in 

person and usually recorded in text (Liberti & Petersen, 2019). This information 

is often difficult to standardise (Fasano & Cappa, 2022). 

 

The definition used in this paper is in line with the definitions provided by South 

African legislation as reflected in Table below (page 11).  

1.9 Assumptions 

The primary assumption made in this research paper is that credit default risk 

from assessing businesses using alternative forms of data would be within an 

acceptable variance compared to that attained using traditional forms of data. 

The Gini Coefficient is used by lenders to assess the discriminatory power of 

default models (Frunza, 2013). However, given the nascency of alternative data 

models, it is acceptable for a model to have a low Gini Coefficient and would still 

be validated for use, for instance in portfolios with a low number of defaults. The 

basis of the credit default risk assumption is supported by the success of fintech 

businesses in the lending sector. Building a sustainable lending business is 

dependent on managing acceptable bad debt levels. Furthermore, there is 

reliance on signals provided from the continued capital raising by these fintechs 

from institutional funders. The funding raising implies the soundness of their 
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business models and acceptable bad debt experiences. The sensitivity of the 

research outcomes to this assumption is low, as the primary focus is on usage of 

alternative data by fintechs.  

Table 2: Definition of SMEs 

 

Source: ("National Small Business Act 102 of 1996," 1996) 

An assumption has been made on the SMEs’ digital footprint in South Africa. It is 

assumed that most SMEs engage in some form of digital transactions or own 

mobile phone, that enable the generation of alternative data used in credit 

analytics by fintechs. Purely cash business SMEs have been excluded from the 

research findings. The sensitivity of the research outcomes to this assumption is 

high, as alternative data usage relies on the presence of digital footprints.      

Invariably, fintech lenders do not have direct access to SME data for analysis and 

tend to access it through partnerships. It is often the case that SMEs are unaware 
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that the data they generate are collected for credit decisions (Zou et al., 2020). 

For these reasons, an assumption has been made that all data gathered by the 

fintechs are in within the ambit of any applicable privacy laws, such as Protection 

of Personal Information Act (“POPIA’) in South Africa. The sensitivity of the 

research outcomes to this assumption is high, as non-compliance with privacy 

regulations could have significant implications for the fintech lending sector.  

1.10 Chapter outline  

The following chapter gives a review of the literature on traditional lending 

models, fintech business models and various alternative data uses.  

Chapter 1 introduced the purpose of the study and the contextual background. 

The research problem and emerging questions were also covered in this section. 

The significance of the study for digital business, business practice and theory 

are fleshed out. Delimitations, assumptions and keywords were included to give 

perspective to the scope of the study.  

Chapter 2 provides the literature review and theoretical framework. It explores 

the challenges related to credit availability and accessibility for South African 

SMEs and examines the alternative data landscape by fintech. In addition, the 

chapter delves into three key concepts – adverse selection, signalling and 

screening to construct the theoretical framework for the study.  

Chapter 3 describes the qualitative research methodology followed in the study.   

Chapter 4 presents the qualitative findings from the interviews illustrated with 

verbatim quotes from the participants. The chapter also discusses the emergent 

themes of the study.   

Chapter 5 presents a discussion on the findings of the study and clearly shows 

the points of alignment and divergence with the existing literature.  

Chapter 6 is the concluding chapter of the study. It highlights the 

recommendations and suggestions for further research.  
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CHAPTER 2. LITERATURE REVIEW AND THEORETICAL 

FRAMEWORK  

2.1 Introduction 

In this chapter, an extensive review of the academic literature and theoretical 

framework pertaining to the status quo in SME credit is provided. The discussion 

is broken down into two primary sections. The first section delves into the existing 

literature on the traditional SME landscape and zooms into the challenges SMEs 

face in accessing funding.  The second section explores the use of alternative 

data to determining the creditworthiness of SMEs and how there can provide a 

level of assurance similar to that of traditional or conventional funders.  

2.2 Background discussion 

South Africa’s consumer credit market is well developed with sufficient 

information submitted by credit providers on both positive and negative data 

(International Finance Corporation, 2021). International Finance Corporation 

(2021) posits that there is no credit information sharing infrastructure for SMEs. 

This critical gap in information sharing for SMEs has a large impact on access to 

credit. According to the OECD (2020b) survey on South Africa, scaling up 

remains a challenge for South African SMEs. The G20 countries has dedicated 

resources to increase financial access for SMEs (Owens & Wilhelm, 2017). This 

situation is indicative of an acknowledgement that SMEs are critical to the well-

being of economies as they account for the majority of firms and contribute a 

large share of employment and drive innovation (Abbasi et al., 2021; De la Torre 

et al., 2010).  

Liquidity constraints hinder SMEs’ growth rates (Chavis et al., 2011). Access to 

funding for expansion, working capital, inventory, hiring staff and equipment 

purchases is essential to the sustainability of SMEs and consequently economic 

development and growth. Msomi and Olarewaju (2021) found that external 

financing is an enabler for SMEs to compete and invest in business growth. 



 
14 

There is a stronger reliance by SMEs to finance their business needs using 

informal financing than bank financing (Chavis et al., 2011). This reliance is 

despite the high cost of raising financing through informal channels. The OECD 

(2020) report found that the low levels of SME financing by banks emanate from 

the demand side as SMEs indicate that they generally prefer not to borrow from 

financial institutions, particularly traditional banks. Bank finance is generally 

tailored to SMEs that demonstrate profitability, asset availability, a strong credit 

score and a proven management track record (Chavis et al., 2011). Most SMEs, 

especially in the micro space are unseen by banks (International Finance 

Corporation, 2021). Traditional bank loan exposure in South Africa at the end of 

2017 to the SME sector was only 28% (OECD, 2020). As SMEs grow, they 

generally transition from informal financing to bank financing.  

While information asymmetry exists between SMEs and lenders, there are 

technology-focused lenders with business models that put the use of SME digital 

data and advanced analytics at the centre of their processes (Owens & Wilhelm, 

2017). It is estimated that the global stock of SME data will double every two 

years due to the accelerated growth in mobile, cloud, big data, electronic 

payments and social data (Owens & Wilhelm, 2017). Access to these data in real 

time and in verifiable form can be used by fintech lenders to score businesses for 

funding (Agarwal et al., 2020). The costs to serve and the costs to acquire clients 

are decreasing as analytic and processing capabilities of these data improve 

without negatively impacting the default rates (Agarwal et al., 2020; Owens & 

Wilhelm, 2017).  

The regulatory framework is a catalyst to the growth of fintech business models. 

Most fintechs operate outside the ambit of legislation allowing them to innovate 

around data privacy, maximum pricing caps, consumer protection, credit 

information sharing and cyber security (Owens & Wilhelm, 2017). The regulatory 

framework will not be covered in any further detail in this document.  
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2.3 Availability and accessibility of credit for SMEs  

Approaching a traditional lender for funding by an SME, entails submitting reams 

of financial documentation, providing collateral and long waiting periods for a 

decision. (Asah et al., 2020) found that collateral, annual business turnover and 

audited financial statements are factors primarily influencing whether SMEs can 

access funding from traditional lenders. Traditional data include financial ratios 

and depth of the SME’s relationship with its bank. In this section, the literature is 

reviewed to determine the availability of credit for SMEs in South Africa.   

The credit gap as highlighted by various studies is primarily caused by information 

asymmetry. A lack of information leads to increasing screening costs 

consequently leading to higher administration costs to service SMEs (Del Gaudio 

et al., 2022; Mpofu & Sibindi, 2022; Yan et al., 2015). The capital structure of 

small businesses in South Africa is not optimised as they rely more on internal 

funding (sourced from their own savings) given a lack of external funding (Mpofu 

& Sibindi, 2022). It becomes increasingly difficult for SMEs to sustain their 

operations and expand with without external funding.  

2.3.1 Access to formal funding  

This formal funding is credit typically provided by banks. The South African 

banking system is an oligopoly (Wanke et al., 2017) with four large banks 

dominating the SME business banking market, namely, Standard Bank, 

FirstRand, ABSA and Nedbank. Smaller banks that have an SME focus are 

Mercantile Bank (recently acquired by Capitec), Sasfin, Grindrod Bank and 

Ubank (placed under administration in 2020). However, studies have found that 

SMEs are less willing to be primarily banked by smaller banks for their 

transactional needs (Sheng, 2021). This author concluded that small banks are 

better at relationship lending and more suitable for handling the soft information 

on SMEs. 

The approval rates for SMEs seeking funding from traditional banks is low. Banks 

tend to have rigorous regulatory frameworks that make them rigid and inflexible 

when serving SMEs (Mpofu & Sibindi, 2022). A lack of collateral (asset-backed 
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lending), poor information transparency (relationship lending) and limited 

financial information (financial statement lending) are significant factors 

contributing to the low approvals of credit to SMEs from banks (Abbasi et al., 

2021; Angilella & Mazzù, 2015; Asah et al., 2020; Mbedzi & Simatele, 2020; 

Sheng, 2021). Mpofu and Sibindi (2022) argue that SMEs’ inability to have proper 

record keeping results in them failing to provide the required information to the 

banks.  

Research by Asah et al. (2020) which covered interviews with over 106 bankers 

in South Africa, revealed that collateral is a critical input in lending to SMEs in the 

formal sector. Most common forms of collateral include land or property assets, 

investment accounts and sureties. Most SMEs have no collateral to provide, 

resulting in declined applications. The authors further claim that information 

asymmetry is high with SMEs which results in imperfect market conditions that 

ultimately leads to stringent criteria from traditional providers. Without access to 

formal financial records, SMEs lack a single source of verification for their 

finances.   

The credit rationing theory states that banks can only provide credit to clients 

whose opportunity cost is less than the maximum that they can repay (Mpofu & 

Sibindi, 2022). Legacy systems hinder traditional providers’ from aggressively 

lending to SMEs. They view smaller deal sizes as cost ineffective, which coupled 

with the heterogeneity of SMEs results in significant transaction costs (Asah et 

al., 2020). Sheng (2021) found that lending technology for traditional banks in 

China relies on transactional and relationship lending. The South African 

business banking market is built on similar lending technology. Large banks have 

a preference to lend to large firms rather than SMEs (Aleem, 1990; Mbedzi & 

Simatele, 2020).  

Credit bureau coverage is patchy, especially when businesses have little or 

limited financial history with financial institutions (McEvoy, 2014). Although the 

author’s paper was geared to a consumer rather than an SME market, there was 

a correlation in findings between individual and sole proprietary SMEs. In 

traditional evaluation models, credit bureau data play a significant role for formal 

lenders. Credit bureau information is usually dated, missing or limited (Owens & 
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Wilhelm, 2017). The coverage of this data in the SME space is limited. In South 

Africa, the leading providers are Experian, TransUnion and Compuscan. Despite 

South Africa’s advanced consumer credit information sharing environment, there 

is a significant gap in its capacity to offer business-related information 

(International Finance Corporation, 2021). This gap has resulted in a heavy 

reliance on consumer data of business owners to assess credit risk which 

negatively impacts the business (International Finance Corporation, 2021). 

Fintechs consequently rely less on credit bureau scores in their SME scoring 

models (Jagtiani & Lemieux, 2019). Substitutes for traditional credit metrics states 

include mobile phone information, psychometric testing, social media activity and 

records of online transactions (McEvoy, 2014).  

From the literature, formal funding is typically more accessible for more 

established SMEs with profitable operations, access to collateral, and ability to 

provide equity. This drastically limits the number of SMEs that can access credit.   

2.3.2 Access to informal funding  

Informal funding is used by SMEs that fail to access credit from the formal sector. 

Mpofu and Sibindi (2022) posit that it has been the backbone of small businesses, 

particularly in the informal sector. Informal funding is typically funding from private 

moneylenders or loan sharks. Among other issues, the reason SMEs fail to 

secure funding from the formal sector is information asymmetry, lack of collateral 

and perceived high default rates (Mpofu & Sibindi, 2022). The authors further 

argue that some entrepreneurs opt for informal finance even if they are eligible 

for formal finance as a result of its flexibility, speed, convenience and simple 

administrative procedures. There are less stringent qualification criteria and no 

collateral requirements.  The downside to this type of funding is its exploitative 

nature. SMEs are charged exorbitant rates as highlighted by Mpofu and Sibindi 

(2022) in their paper.  
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2.3.3 Government funding  

Governmental institutions that provide credit for SMEs include the Small 

Enterprise Development Agency, Khula Enterprise Finance, Small Enterprise 

Funding Agency, National Empowerment Fund, Industrial Development 

Corporation and Development Bank of South Africa. The lack of borrowing from 

government suggests a lack of confidence in these agencies as the requirements 

are as restrictive as formal funding (Msomi & Olarewaju, 2021). According to a 

survey conducted by Msomi and Olarewaju (2021), they found that less than 15% 

of SMEs are aware of the available sources of finance from the aforementioned 

institutions. Nanziri and Wamalwa (2021) found that self-exclusion and lack of 

awareness of credit opportunities impede the achievement of the benefits of 

financial inclusion policies for SMEs.   

2.3.4 Fintech lending  

Banks have been used as a focal point to determine how transformative fintechs 

have been as a substitute to traditional banks in supplying credit to SMEs (Irwin 

& Scott, 2010). Chavis et al. (2011) suggest that more and more SMEs are 

starting to place reliance on alternative financing with a move away from banks. 

Fintechs have a strong impact on the traditional providers of financial services, 

as they change the way interactions with customers occur and consequently what 

information is gathered (Fasano & Cappa, 2022). In the credit landscape, two 

important benefits of fintechs is that there are able to carry out credit operations 

from a distance and they enable lenders to standardise their lending frameworks 

(Fasano & Cappa, 2022).  While it is not possible to completely eliminate bias, 

one could argue that the use of alternative data by fintechs has the potential to 

reduce discrimination (Ryan, 2020).  

Fintechs rely on new technologies such as machine learning and big data to 

analyse and score SMEs for credit in a cost-effective manner (Beaumont et al., 

2022) . According to Beaumont et al. (2022), fintech platforms hold a regulatory 

advantage over banks as most products on offer fall outside the ambit of 

regulation. The authors maintain that SMEs enjoy digital applications with quick 
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turnaround, real time underwriting, unsecured products, and high chance of 

getting funded with fintechs.  

According to a study by Beaumont et al. (2022), the authors found that fintech 

lending improves an SME’s access to credit. The results were based on a sample 

of similar characteristic SMEs in the United States taking loans from a bank or a 

fintech. The conclusion reached was that SMEs that took a fintech loan 

experienced a 20% increase in bank credit in subsequent credit transactions. Ali 

Finance in China reports that their default rate for loans using alternative data are 

below 1% (McEvoy, 2014). There is limited research in South Africa on what 

alternative data points are available for SMEs and which institutions are using it 

to enable financial access to SMEs. Fintech businesses operating within the 

South African landscape include Retail Capital, Lulalend, Merchant Capital, 

Nomanini, iKhokha Cash Advance, Yoco Capital, SA Taxi, Cash Connect, Profit 

Share Partners etc.  

2.3.5 Proposition 1 

Alternative data are used by fintechs to effectively augment SME credit analysis 

where there are gaps in the traditional data points.  

2.4 Usage of alternative data by fintechs  

Fintechs gather alternative data in a way that enables real-time access to an 

SME’s data. SMEs leave digital footprints of verifiable data whenever they utilise 

digital products, such as cloud-based services, digital payment transactions, or 

social media interactions (Owens & Wilhelm, 2017). The authors discovered that 

SMEs are willing to forego some degree of privacy in exchange for access to 

funding and other value-added tools. Alternative data provide a comprehensive 

view about an SME’s strengths and weaknesses and offer valuable insights that 

are useful for credit assessment.  
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2.4.1 Alternative data  

Alternative data in finance refers to proxy metrics or information originating from 

unofficial or noncompany sources that individuals can use to gain insight into a 

SME (Constable, 2019). These data may not necessarily be directly related to 

credit, but provide useful insights into the ability or willingness of a potential 

borrower to repay a loan (International Finance Corporation, 2021). For fintechs, 

the digital footprint from SMEs and their customers is increasing the accumulation 

of alternative data. SMEs are using cloud-based services, banking services, 

transacting through digital payments, using their smart phones, social media 

presence, buying or selling online, shipping and record keeping online (Agarwal 

et al., 2020; Owens & Wilhelm, 2017; Zou et al., 2020).  Alternative data can also 

include rent, utility payments history, managers educational attainment, SME 

social media use and other behavioural information not traditionally factored into 

credit decisions (Ryan, 2020). Jagtiani and Lemieux (2019) state that fintechs 

can derive alternative data from local data such as local economic information, 

for example identifying whether loan applications are submitted from high-crime 

areas or in areas where factories are being shut down or relocated.  

The figure below depicts how SMEs operate and create their digital footprint: 

 

Figure 1: How SMEs create alternative data 

Source: International Finance Corporation (2021) 



 
21 

The table below presents a variety of verifiable alternative data sources or 

verticals created by SMEs, although this list is not exhaustive. 

Table 3: Alternative data verticals   

E-commerce 
Data   

Financial Data  Social Media 
Data 

Mobile Data Individual Data 

E-Commerce 
Sales  
 
Purchasing Data  
 
B2B Commerce  
 
Supply Chain 
Trade Flow Data  
 
Logistics and 
Shipping Data 
 
Performance Data 
of SME Business 
customers  

Loans and Credit 
Card 
 
Bank Statements  
 
Investment 
Account 
 
Insurance Data 
 
Online Accounting  
 
Billing and 
Payment Data 
 
Merchant POS  
 
Marketing Data 
 
Inventory Tracking 
Data 
 
Economic and 
Industry Data  

Social Media Data 
 
Search History 
 
Website History 
 
Online Rankings 
and Reviews 

Mobile Call 
Pattern Data 
 
Mobile Business 
and Expense Data 
 
Mobile Recharge 
History 
 
Mobile E-Money 
Transactions 
 
Smartphone 
Mobile App 
Analysis 
 
Mobile Geo-
Locational Data 

Psychometric 
testing 

Source: Owens and Wilhelm (2017) 

2.4.2 Accessing alternative data (big data)  

Alternative data allow fintech lenders to make decisions quickly (Jagtiani & 

Lemieux, 2019). Technological revolutions have enabled the generation of data 

that are accessible much faster and in a verifiable manner. Technology has 

allowed fintechs to serve small businesses without brick-and-mortar investments 

(Jagtiani & Lemieux, 2019). Data are generated in wide ranges from multiple 

sources (volume), in different kinds (variety) and can be collected and processed 

at certain speeds (velocity).  

Fintechs ingest alternative data through proprietary complex machine learning 

algorithms that rely on big data to improve the availability and accuracy of the 

information used to analyse SMEs (Jagtiani & Lemieux, 2019; Sheng, 2021). 

Using alternative data, fintechs have been able to make credit available in a 
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frictionless and convenient manner (Sheng, 2021). These credit products are 

embedded in various SME platforms.   

Largely, fintechs lack the distribution required to gather the data. Fintechs need 

the buy-in of the data providers for access. There is an increased need to 

collaborate between fintechs and banks, fintechs and other fintechs. Fintechs 

partner with other fintech providers with direct access to transactional data via 

Automated Programming Interfaces (APIs); or the use of screen scraping (Owens 

& Wilhelm, 2017). As stated by Jagtiani and Lemieux (2019), alternative data are 

available through data aggregators and vendors that work directly with SMEs.  

Collaborations with banks are valuable given the distribution banks have. Data 

providers have no incentive to share the data as it creates a competitive 

advantage for them (International Finance Corporation, 2021). 

2.4.3 Fintech ingesting alternative data  

There has been an advancement of fintechs that access and leverage data 

through APIs and apply big data analytics to determine credit worthiness 

(Agarwal et al., 2020). APIs allow fintechs to access rich data sets from other 

platforms in a cost-effective manner and through efficient and proactive data 

collection methods (Sheng, 2021; Yan et al., 2015). This access to big data has 

reduced search costs for credit and improved underwriting processes (Sheng, 

2021; Yan et al., 2015). Owens and Wilhelm (2017) have covered the following 

Fintech verticals as enablers of access to alternative data:  

SME marketplace lenders – These are aggregators connecting SMEs to 

fintechs. The platforms are overlaid with alternative data points with wrapped 

leads of eligible businesses passed on to the lenders for the underwriting. Types 

of marketplace lenders include peer-to-peer lenders, online balance sheet 

lenders, payment innovators, analytic providers, identity information providers, 

cloud-based lending platforms supporting lenders and SME loan broker 

marketplaces. A fintech has to integrate with marketplaces to be able to ingest 

these leads.  
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E-Commerce and Mobile payments – They have access to transactional level 

data generated by SMEs using their platforms. A fintech ingests this data via API 

integrations and secure file sharing with e-commerce and mobile payment 

providers.    

Supply chain platforms: These platforms digitise documents and transactions 

between SMEs and corporates. This digitisation is ideal for businesses that have 

monthly payment cycles and enables better tracking mechanisms through 

purchase orders, invoices, and receivables. A fintech ingests this data via API 

integrations with supply chain platforms.   

Mobile data-based lending models: These models score businesses based on 

mobile usage patterns, mobile apps installed, SMS messages, emails, number of 

inbound vs outbound calls, geo-based locations and social network usage. A 

fintech ingests this data via API integrations and secure file sharing with 

telecommunications companies.    

2.4.4 Alternative data and information asymmetry 

Fintechs have proven that alternative data credit scoring business models can be 

run within acceptable risk levels and profitability (Owens & Wilhelm, 2017). 

Notably, there is limited reporting by alternative lenders on loan performance. 

Everett (2015) proposed three categories of determinants of default in fintech 

lending: loan characteristics, borrower characteristics and the borrower’s group 

characteristics. The higher the information asymmetry within each of those 

characteristics, the higher the default rate. 

Alternative data have reduced information asymmetry across the three categories 

(Yan et al., 2015). In traditional credit evaluation lenders are reactive and rely on 

borrowers providing the information required for an assessment. The authors 

found that lenders in the big data era, can proactively search for a business’s 

online footprint and gain detailed insights into the business going back in time. 

Technologies such as alternative credit scoring have reduced information 

asymmetry and expanded credit availability for SMEs (Einav et al., 2013). 
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2.4.5 Proposition 2  

Alternative data allow fintechs to depend on hard information derived from 

alternative data sources to make informed credit decisions.  

2.5 Theoretical framework 

2.5.1 Overview  

This report unpacks the role alternative data play as enablers for SMEs to access 

credit. This process cannot be done conclusively without discussing scholarly 

theories that focus on the inhibitors of traditional banks advancing lending to 

SMEs. Credit risk evaluation is essential for lenders to make loan decisions and 

they rely on information provided in the application process (Yan et al., 2015). 

However, from the literature review discussed above, information economics has 

the potential of undermining the credit risk assessment process. The fact that 

different people know different things implies information asymmetry (Yan et al., 

2015). Information asymmetry is one of the most prevalent factors affecting 

SME’s access to credit (Del Gaudio et al., 2022).  

Soft information asymmetry can be diminished through personal interactions 

between lenders and SMEs, while hard information asymmetry has been reduced 

by technological advances that facilitate the collection, processing and 

communication of standardised information (Fasano & Cappa, 2022). Both soft 

and hard information is crucial in providing credit (Fasano & Cappa, 2022). Yan 

et al. (2015) highlight the fact that to access funding, borrowers signal information 

about themselves and their SMEs characteristics (signalling), while the lenders 

search for credit information and screen the loan applicant (screening).  

Fasano and Cappa (2022) argue that the threat of making decisions based solely 

on hard information reduces the amount available as a credit line. The authors 

argue that a lack of soft information incorporation in the assessment for credit 

hampers credit provision. In thin file environments, the screening challenges by 

the lender and limited signalling by the borrower causes information asymmetry. 

There is a reliance by fintechs on analysing big data to extract useful patterns or 
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rules (Yap et al., 2011). Signalling refers to information asymmetry as a result of 

borrowers not disclosing complete information for concern over the potential 

negative signals they might be giving the lender or having limited means of 

showing their trustworthiness (Moro et al., 2015; Spence, 1973). Traditional 

banks have to expend significant time and resources on screening applications 

(Aleem, 1990). Adverse selection is a consequence of information asymmetry. It 

occurs when lenders struggle to distinguish between the good borrowers and the 

bad when advancing credit (Akerlof, 1970; Moro et al., 2015; Yan et al., 2015).  

The economics of information theory that will be discussed in this section has 

three concepts, namely adverse selection (the lemons principle), signalling 

effects, and screening costs of the lenders (see Figure 1 below). According to the 

economics of information theory, a lender will seek to acquire additional 

information where the marginal benefit of acquiring additional information 

exceeds the marginal cost (Goldman & Johansson, 1978; Stiglitz, 2000; Yan et 

al., 2015). 

 

Figure 2: Economics of information in the lending business 

Adapted from: Yan et al. (2015) 

2.5.2 Adverse selection (the lemons principle in credit) 

2.5.2.1 Concept definition  

Akerlof (1970) in his Nobel prize winning paper used the automobile market as 

an example, positing that in the car market, good and bad cars will be sold at the 
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same price due to information asymmetry as buyers find it impossible to tell the 

difference. Akerlof (1970) coined the lemons principle which states that the 

market price affects the quality of the goods offered and consequently the 

demand (Stiglitz, 2000).  Traditional lenders using conventional credit processes 

struggle in terms of lending to SMEs with limited information. Differentiating 

between the good SMEs and the bad becomes challenging, consequently 

increasing lending rates and driving out good borrowers. Lenders lack visibility of 

the risk properties of each SME, resulting in adverse selection. Accordingly, 

adverse selection suggest that low-quality firms become more aggressive in the 

market to access credit in the hope that they are passed off as high-quality firms 

(Ono et al., 2014).  

2.5.2.2 The traditional lenders’ approach  

The SME market is heterogeneous and is characterised by a high level of opacity. 

Given the thin SME credit files, traditional credit evaluation may result in false 

positive and false negative approvals. Everett (2015) posit that lenders use 

privately collected soft information to gain an economic advantage over their 

clients and competitors. The author further describes a situation that he terms the 

“hold-up” issue, which means borrowers then find it difficult to switch lenders 

since the private information proving that the borrower is not a lemon is kept 

confidential by the lender.  

Yan et al. (2015) describes false positive as traditional lenders incorrectly 

approving an application from a borrower with high credit risk while false negative 

is declining a borrower with low credit risk given the limited information at 

application. A common assumption regarding credit ratings or credit scores is that 

firms within the same credit score or rating class have the same default rate 

(Crouhy et al., 2000). The SMEs know more about their business than the 

information that they can provide in their applications (OECD, 2015; Rosser, 

2003). Some businesses operate informally and possess limited verifiable 

information, which consequently leads traditional banks to perceive such SMEs 

as high-risk borrowers.  
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As a result, Mills (2018) noted that traditional banks tend to make a binary 

decision, either approving or declining credit applications for SMEs. Small 

businesses are left with little choice but to approach smaller banks, non-bank 

financial institutions and micro lender institutions that primarily rely on 

conventional credit assessment methods and tend to approve credit for SMEs at 

significantly higher interest rates. This state of affairs results in adverse selection 

as good borrowers drop out of the market (Rosser, 2003; Stiglitz, 2000) and 

banks struggle to distinguish SMEs that will repay from those that will not (Moro 

et al., 2015). Only low-quality businesses remain in the market. In his paper, 

Akerlof (1970) further discusses the issue of adverse selection theory with 

reference to the medical insurance industry. He states that at certain price levels 

in medical insurance, the ones that use it have sub-standard life and are certain 

they will need insurance. Similarly in credit markets, if lenders could identify 

borrower risk perfectly, each borrower would be charged an appropriate risk 

premium instead of treating all borrowers as homogenous (Stiglitz, 2000).  

In conventional credit, willingness to pay is a key component in assessing an 

SME’s probability of default. This measure is subjective in that traditional banks 

rely on the SME’s banking relationships. OECD (2015) in its report states that 

bank lending relies on relationship gathered through direct interaction with SMEs. 

The cost of dishonesty in the market is an inhibitor to banks advancing credit to 

SMEs that do not maintain a transactional relationship with them. Akerlof (1970) 

maintains that dishonest players in the market negatively impact all stakeholders. 

He further asserts that the cost of dishonesty impacts not only lenders and 

borrowers, but also forces legitimate businesses out of existence. Consequently, 

this situation leads to viable SMEs lacking access to the necessary cash for their 

sustainability. 

Without clearly determinable willingness to pay and detailed information 

submitted by SMEs, traditional lenders rely on collateral to stimulate repayment 

behaviour and reduce losses given a default (Lehmann & Neuberger, 2001). In 

other words, a lack of information results in lenders rationing lending to all 

borrowers (Stiglitz, 2000).  
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2.5.2.3 The fintech approach  

Alternative data are used by fintechs for their ability to more accurately and 

reliably separate trustworthy borrowers from untrustworthy ones (Yan et al., 

2015). The authors further state that alternative data proactively gathered are 

more objective and cannot be easily manipulated.  

Sheng (2021) found that in China, access to alternative data allows fintechs to 

turn soft information into hard information that can be relied on to offer credit to 

SMEs. By utilising alternative data to analyse SMEs, fintech can reduce issues 

of information asymmetry that causes SMEs to be treated as homogeneous 

entities. The added advantage of alternative data for SMEs is that they do not 

have to incur ex ante costs on time spent producing information to satisfy the 

lender’s request (Moro et al., 2015).  

Alternative lenders rely on rich transactional data from other fintech partners that 

hold a deeper relationship with the SMEs to advance credit. From Day 1 of a 

lender-borrower relationship, the alternative lender can ingest data that provides 

years of transactional history. Generally, transaction level data used in SME 

credit scoring should exhibit regular and consistent trade that becomes difficult to 

manipulate. These data are typically monitored in real time with some fintechs 

collecting the money at source which takes the onus away from an SME having 

to prove willingness to pay. Moro et al. (2015) in their research paper found that 

reduction in information asymmetry has an economically relevant impact on the 

amount of credit provided. With the advancement in collecting and interpreting 

soft information for superior profiling of SME loan applicants, access to or price 

of credit is likely to improve (A. Morse, 2015).  

In his paper, Akerlof (1970) states that credit is granted where the lenders have 

easy means of enforcing their contract. The ability to have visibility of cashflows 

influences the appetite of most fintechs to provide unsecured products.   
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2.5.3 Signalling in credit  

2.5.3.1 Concept definition  

Information relevant to advancing credit is conveyed through a number of 

variables (Stiglitz, 2000). Credit advancement requires certainty that funds will be 

repaid. Lenders therefore rely on signalling from SMEs in their subjective 

analyses of future trajectories. Kawai et al. (2022) argue that a business’s 

approach to credit access is an important measure of creditworthiness. The 

authors posit that less creditworthy borrowers tend to be less sensitive to price or 

interest rate and place a higher value on getting funded, while creditworthy 

borrowers tend to be sensitive to pricing. Soft information which is collected in 

person and recorded in text generally provides unobservable signals (Liberti & 

Petersen, 2019; Zou & Wang, 2022), while hard information from alternative data 

is more reliable.  

In his study on signalling theory Spence (1973) argues that signalling occurs 

when individuals communicate their qualities or abilities to prospective employers 

when there is information scarcity. He further argues that it takes place where 

there are many signallers (SMEs) tapping into the markets to position themselves 

in the best possible way. According to Tala (2021), SME owners often have more 

information about their businesses but have difficulty positioning them with 

traditional lenders.  This predicament is in line with the position taken by Lehmann 

and Neuberger (2001) that SMEs provide less information to lenders than large 

firms.  

Spence (1973, 2002) studied signalling in the job market. He found that 

recruitment is rife with inefficiencies through information asymmetry. In his 

example, an employer is unable to accurately decide on the skills of a candidate 

and therefore relies on signals such as investment in relevant education. 

Similarities were identified between this concept and its application in extending 

credit by traditional lenders, as well as in examining how fintechs employ 

signaling to strengthen their processes.  
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2.5.3.2 The traditional lenders’ approach  

At inception of a lending relationship, banks look for SMEs exhibiting business 

characteristics signalling sustainability such as an established management track 

record, well documented financial statements, a longer-term history, high 

turnover thresholds, solid credit scores and collateral (Asah et al., 2020). 

Collateral for example is a strong signalling variable for the borrower 

(Voordeckers & Steijvers, 2006). These authors found that the stronger the 

collateral traditional lenders have, the better the credit terms and ability for SMEs 

to access credit. Ability to provide collateral reflects signalling effects in traditional 

bank lending (Lehmann & Neuberger, 2001). It sends a message to the lender 

that the borrower puts up collateral for projects that will not require the collateral 

to be perfected (taken over by the bank). In fact, collateral induces borrowers to 

reveal risks that are unknown to the lender. 

Irwin and Scott (2010) investigated whether SME managers’ personal 

characteristics such as ethnicity, gender and education are signalling variables. 

The evidence from their research revealed a strong reliance by traditional lenders 

on such observable information. Irwin and Scott (2010) in their research 

conducted in the UK, found that ethnic minorities and women tend to struggle in 

accessing finance. The authors state that bank processes have a gender bias, 

are racialised and class based. This finding illustrates that there is a 

preponderance of traditional bank processes being heavily weighted towards 

attributes that Spence (1973) refers to as observable and unalterable signals.  

The SME alterable signals include management’s execution capability and 

strategic plans going forward. These alterable characteristics become an actual 

signal if they are negatively correlated with the company’s sustainability and thus 

ability to repay (Spence, 1973). SME managers are equally concerned about 

sharing too much information which could possibly lead to traditional banks 

overreacting or misinterpreting the news and inferring negative signals about 

future performance (Moro et al., 2015). These authors argue that negative signals 

from banks lead to an increase in the interest rate, a reduction in the amount of 

credit made available, declines or additional guarantees being required.  
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2.5.3.3 The fintech approach 

Fintechs are following the principle recommended by Spence (1973) to use other 

means to gather information and confirm its veracity where signalling is weak. 

Fintechs are using alternative data points to get comfort on the observable and 

unalterable signals discussed above. Jagtiani and Lemieux (2019) argue that 

when alternative data are included in credit risk analysis, it paints a fuller and 

more accurate picture of a borrower’s creditworthiness.  

Fintechs are collecting data proactively and assessing SMEs for consistency. 

This practice results in SME applicants being treated based only on behaviour. 

Some of the credit scoring engines the fintechs are using are agnostic to gender, 

race and ethnicity. They rely on transactional level data with such demographics 

released post loan approval.  One such product is the merchant cash advance 

product offered by fintechs which relies on anonymised mobile point of sale 

transactional / cashflow data to make lending decisions. Furthermore, fintechs 

using alternative data have simplified the point at which SMEs can become 

eligible for funding.  

2.5.4 Screening in credit  

2.5.4.1 Concept definition  

Information scarcity increases the costs of screening in the credit market. 

Rothschild and Stiglitz (1976) posit that if individuals were willing to reveal all their 

information, everyone would be better off. Given that information gathering is 

costly, banks will seek additional information until the expected marginal benefit 

of search equals zero (Lehmann & Neuberger, 2001).  

Employers want to know the productivity of their workers, investors want to know 

the return on investments, insurance companies want to know the likelihood that 

various people they insure might have an accident or get sick (Stiglitz, 2000) and 

SME lenders want to know the likelihood that they will be repaid for credit 

provided. In the SME landscape, if SME managers were transparent with the full 
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account of their businesses, traditional lenders would be able to price them 

appropriately and they (the former) would be able to access credit.  

Currently lenders expend resources and time to screen applicants and pass on 

the costs to the borrowers (Aleem, 1990). Two elements are at play with this 

concept, the cost of resources invested in search activities and the efficiency with 

which the screening activities are conducted (Goldman & Johansson, 1978). In 

deciding whether to grant credit, a lender considers the costs of screening the 

borrower  and the costs of servicing the borrower, capacity to repay and loyalty 

of the borrower (Arráiz et al., 2021).  

2.5.4.2 The traditional lenders’ approach  

The time and resources invested are considered the most important cost element 

of screening (Goldman & Johansson, 1978). Traditional SME lenders must 

grapple with how much time is invested in gathering documents, underwriting and 

disbursement.  

The screening process typically followed by traditional lenders was covered in a 

paper by Aleem (1990). Firstly, traditional bank lenders have less risk appetite for 

SMEs with no previous history of dealing with them. Lehmann and Neuberger 

(2001) point out that the cost of gathering information about a borrower is 

prohibitively high when a bank has no previous dealings with the SME. The 

natural inclination for traditional lenders for first time relationship SMEs is to 

access financial statements. They are used by the lenders to screen SMEs on 

their payment capacity and willingness (Tala, 2021). Therefore, a lack of this 

information results in SMEs failing the screening process. Lehmann and 

Neuberger (2001) found that bank lending to SMEs is not only influenced by firm 

characteristics and credit risk variables but also by social interactions between 

the loan officer and the bank manager.  Traditional lenders have a preference to 

be more open to providing first time credit lines to large firms with detailed 

information (Mbedzi & Simatele, 2020) 

Secondly, traditional lenders rely on existing credit relationships with other 

financial institutions. The second feature in the screening process makes it 

difficult for start-up SMEs to access funding with thin files. Aleem (1990) 
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postulates that subject to the SME passing the first two stages of the screening 

process, the final stage involves approving the SME for an initial credit line (i.e., 

an introductory credit line).  

In their paper, Rothschild and Stiglitz (1976) studied insurance markets. They 

found that insurance companies do not discriminate among their potential 

customers based on similar characteristics. SME lending is different in that 

traditional lenders treat businesses differently based on sector, size, age and 

profitability. Credit rationing is employed by lenders based on customers’ 

characteristics.  

2.5.4.3 The fintech approach  

The common aspect in the fintech approach is the development of web-based 

platforms (Fasano & Cappa, 2022). These digital platforms allow fintechs to carry 

out their operations from a distance, reducing geographical, physical and social 

restrictions (Fasano & Cappa, 2022). The authors further highlight the fact that 

digital platforms give fintechs access to huge amounts of data, which enables 

them to optimise even more in terms of how they service their customers. The 

use of alternative data reduces the cost of making credit decisions, ongoing 

monitoring and lowers the operating costs for the lenders (Jagtiani & Lemieux, 

2019). 

Screening costs for collection of credit information retrieval has shifted from a 

passive to a more proactive information retrieval approach (Yan et al., 2015). 

Relationships and soft data provide advantages in borrower screening (Jagtiani 

& Lemieux, 2018). Through access to big data, fintechs have reduced information 

asymmetry as search costs for credit and the collection of data has become 

proactive (Yan et al., 2015). The fixed costs of acquiring these alternative data 

with technological improvements has reduced dramatically (Stiglitz, 2000). 

Fintechs work through APIs and can proactively access anonymised data 

regarding sector, size, age and profitability.  

Fintech models are anchored in driving behavioural change by clearly articulating 

the benefits of disclosing information. SMEs are encouraged to proactively share 

their information by offering incentives for data enrichment. The consequence of 
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fintech lenders offering unsecured credit products addresses the finding by 

Voordeckers and Steijvers (2006) that in SME lending, traditional banks tend to 

do minimal screening and rely excessively on collateral.   

2.6 Conclusion of literature review  

The apparent gap in the literature that has been reviewed is the critical role 

fintechs play in transforming the SME funding landscape. Fintechs play a critical 

role in alleviating the problem of information asymmetry by offering credit to SMEs 

in South Africa. Fintech have created access for SMEs that are typically excluded 

from traditional funding for low credit scores (Bank et al., 2022). Literature 

referenced across this report highlights the rise in the number of fintech models 

providing SMEs with a digital profile usable in credit decisioning (Abbasi et al., 

2021; Charaia et al., 2021). Globally, the proliferation of fintechs is driving the 

digitisation of SMEs, particularly after the global pandemic (Charaia et al., 2021). 

Łasak (2022) posits that fintechs enable the flow of SME data among industry 

players and provide platforms that connect SMEs with alternative lenders and 

customers. This service is critical to enabling fintech lenders in South Africa to 

access data and make funding available for SMEs. This report will cover 

examples of companies that are generating alternative data that are being used 

by fintech lenders.    

The ability of fintech lenders to assess alternative data and determine 

creditworthiness of SMEs while making capital more accessible ensures the 

sustainability of these businesses. Abbasi et al. (2021) found that the use of big 

data enables fintech lenders to accurately ascertain the credit risk of SMEs. The 

struggles of small business with accessing funding are well documented.   

2.6.1 Proposition 1 

Alternative data are used by fintechs to effectively augment SME credit analyses 

where there are gaps in the traditional data points. 

Unlike traditional banks, new lending technologies allow fintechs to provide SMEs 

with credit without banking relationships while bypassing constraints such as 
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information opacity and lack of collateral (Mbedzi & Simatele, 2020). Fintechs 

have improved the availability and accuracy of information, increased the number 

of information channels and sources, and reduced information friction between 

lenders and SMEs thereby enabling access to credit (Sheng, 2021) 

2.6.2 Proposition 2 

Alternative data allow fintechs to depend on hard information derived from 

alternative data sources to make informed credit decisions.  

Zou and Wang (2022) conclude from their work that soft information is critical for 

lower levels of credit default. Sheng (2021) argues that fintechs have enabled the 

collection of information-rich alternative soft and hard datasets from other lenders 

and reduced the cost of screening and monitoring. They have transformed soft 

alternative data into hard information while eliminating friction in data collection 

and enabling real-time decision making.  
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CHAPTER 3. RESEARCH METHODOLOGY 

3.1 Introduction  

This qualitative report using the interpretivist paradigm explored the use of 

alternative data by fintechs to provide access to credit for SMEs in South Africa.  

The chapter starts with the research paradigm and approach giving the rationale 

behind adopting an interpretivist-constructivist world view. It covers the 

assumptions made in the research and their appropriateness to the research 

study. Furthermore, it highlights the benefits inherent in this methodological 

choice. 

Thereafter there is a discussion on the suitability of adopting a standard 

qualitative approach as a research methodology. This section leads to a 

discussion of the research demographics, encompassing the identified 

population, the sampling strategy, and the specifics of the sample itself. 

Emphasis is placed on the rationale for employing purposive sampling in this 

study. 

Following this aspect, the section details the data collection methods including a 

description of the research instruments utilised in the study. In order to ensure 

the integrity of the research, a quality assurance sub-section is included, with a 

focus on establishing the credibility and dependability of the findings. 

Finally, the chapter concludes with an overview of the ethical considerations.   

3.2 Research paradigm 

The choice of paradigm influences the research approach and design adopted 

for the study. It affects the manner in which research questions are asked and 

investigated (Kelly et al., 2018). The dominant research paradigms, according to 

Kelly et al. (2018), include positivism, post positivism, interpretivism, 

constructivism and pragmatism. This study adopted the interpretivism-

constructivism paradigm. Interpretivism-constructivism holds the notion that 
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individuals develop subjective meanings of their experiences, meanings that are 

varied and represent a complexity of views (Creswell, 2014). According to 

Meissner and Meissner (2016), action is contained in the lived experiences and 

points of view of those who experience it. The suitability of this paradigm comes 

from its ability to recognise multiple perspectives and versions of the truth (Kelly 

et al., 2018; Thanh & Thanh, 2015). Interpretivism reflects a recognition of 

subjective understanding and the need to interpret it through the researcher (Kelly 

et al., 2018). Given the focus of this research paper on how fintechs are using 

alternative data to provide access to credit for SMEs, this paradigm allows for 

diverse and unique views from the participants to be expressed, and it provides 

an opportunity for the researcher to interpret the findings.  

3.3 Research approach  

This study adopted a standard qualitative research approach, which was 

considered an appropriate choice for this study due to its qualitative nature and 

its focus on understanding processes, actions, or interactions from the viewpoint 

of participants (Creswell, 2014). According to Creswell (2014) qualitative 

research is an approach that explores and seeks understanding of the meaning 

individuals or groups ascribe to a social or human problem. Hammarberg et al. 

(2016) assert that qualitative research methods are appropriate for answering 

questions related to experiences, meanings, and perspectives from the 

participants’ point of view. This process involves the researcher collecting data in 

the participants’ settings and interpreting the data through inductive analysis and 

thematic development (Creswell, 2014).  

Open-ended questions were designed to enable participants to express their 

unique worldviews, thereby contributing to a diverse range of perspectives on the 

topic. The context in which participants’ views are formed is considered critical in 

this qualitative research approach, as it results in gaining an understanding of the 

whole picture. Furthermore, there is an awareness of the researcher's role in 

interpreting and analysing the data and potential biases. 
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There are several advantages identified in following this qualitative methodology. 

It offers flexibility in choosing methods that align with the research objectives and 

build trust with participants (Susilo et al., 2021). The selected sample, chosen 

based on participants’ professional experience and background, was best placed 

to contribute to a better understanding of the theoretical framework (Etikan et al., 

2016). This methodology aligned with the exploratory nature of the research 

questions, focusing on understanding and interpreting the participants' 

experiences and viewpoints (Turner & Astin, 2021). These viewpoints can allow 

researchers to explore unexpected patterns and themes in the data. It is 

particularly relevant given the dynamic and nascent nature of fintech lending in 

South Africa (Asah et al., 2020).  

Moreover, standard qualitative research provides a systematic and rigorous 

process for data collection and analysis. It involves collecting data, analysing, 

organising and contextualising patterns to gain comprehensive insights into the 

research topic (Nowell et al., 2017). Thematic analysis, as noted by the authors, 

is particularly effective in examining varying perspectives, identifying 

commonalities, differences, and unexpected insights. 

While this approach offers numerous advantages, it is not without limitations. One 

potential disadvantage is that conducting detailed coding is time consuming, tiring 

and laborious (Hussein et al., 2014). In addition, the researcher's role as an active 

instrument in the study, analysing and providing meaning to the interviews can 

introduce subjectivity (Legard et al., 2003). In conducting this study, the 

researcher was aware of the argument by Peters and Halcomb (2015) that many 

novice researchers, find it challenging to separate their own preconceptions 

about the study topic and associated issues. This awareness necessitated the 

need for transparency in the research process to mitigate any potential bias. 

Despite these challenges, standard qualitative research, with its focus on in-

depth understanding and systematic analysis, remains a robust and well-

established approach. Its focus on in-depth understanding and interpretation, 

coupled with a systematic approach to data analysis, makes it the most suitable 

choice for addressing the research questions and objectives. 
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3.4 Research methodology 

The overall study design for this research employed a standard qualitative 

research approach. The primary methodology used was semi-structured 

interviews.  

Semi-structured interviews were considered particularly suitable for this research 

due to their flexibility and depth. They allow for an in-depth exploration of 

participants' views and the meanings they attribute to the use of alternative data 

in credit assessment (Tong et al., 2007). Semi-structured interviews are the most 

frequently used interview technique in qualitative research (Kallio et al., 2016). 

The authors further note that the main advantage of semi-structured interviews is 

that they enable reciprocity between the interviewer and participant, enabling the 

interviewer to improvise and ask follow up questions based on the participants’ 

responses.  

The study predominantly relied on primary data collected through these 

interviews. Primary data provides firsthand insights directly related to the 

research question, ensuring the relevance and specificity of the information 

gathered. While secondary data from existing literature, reports, and studies on 

fintech, SME credit assessment, and alternative data usage were reviewed for 

background and contextual understanding, the core insights and conclusions of 

this research were drawn from the primary data. 

A cross-sectional study design was chosen over a longitudinal approach. Cross-

sectional research involves interviews conducted with participants at a single 

point in time (Rindfleisch et al., 2008), providing a snapshot view of the 

phenomena under study. 

In the following sections, we outline the specific steps and procedures that were 

employed in conducting the standard qualitative research study, including data 

collection, thematic analysis, and interpretation.  
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3.5 Population and sample 

3.5.1 Population 

The research population for this study comprised diverse participants involved in 

the fintech-driven SME credit assessment landscape in South Africa, each of 

whom contributed unique perspectives and insights. Participants came from 

various sectors and industries within this landscape, all having exposure to 

alternative data and their role in enhancing credit accessibility for SMEs. The total 

population size of the fintech market in South Africa is unknown due to the 

scarcity of publicly available data on the market. However, the key populations of 

interest included in this study included:  

• Fintech Lenders: This category included fintech companies and lenders 

operating in South Africa. These entities leverage alternative data sources 

and advanced scoring models to assess and extend credit to SMEs. 

• Data-Generating Businesses: This category included businesses that 

provide services to SMEs and generate a wealth of data points that can 

be classified as alternative data. These enterprises offer embedded 

funding or credit solutions utilising the alternative data they generate as a 

foundation to SMEs, all in partnership with fintech lenders. 

• Credit Bureaus: This category comprised globally recognised traditional 

credit bureaus with a presence in South Africa. Credit bureaus play a 

pivotal role in the credit ecosystem, working with both alternative and 

traditional data to construct comprehensive and commercially viable 

scoring models for SMEs.  

• SME owners and operators: These individuals or entities serve as 

consultants specialising in SME advisory services. They collaborate 

closely with fintech and traditional credit providers across Africa and 

Europe, offering guidance on the strategic use of data to enhance credit 

accessibility for SMEs.  
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The inclusion of these diverse participant categories ensured a rich exploration 

of the use of alternative data by fintechs in extending credit to SMEs, shedding 

light on the intricate dynamics within this evolving landscape. 

3.5.2 Sample and sampling method   

The sampling method selected for this research was purposive sampling, which 

is a non-probability sampling technique. This sampling technique entails a 

deliberate choice to include a participant in the research due to the qualities that 

they possess (Tongco, 2007). This approach was regarded as suitable for this 

research as it seeks to gain in-depth insights from participants who have 

undergone the required experience or have the knowledge of the topic (Coyne, 

1997).  The participants were therefore purposefully selected based on their 

experience and direct involvement in the fintech-driven SME landscape where 

alternative data are used in the credit assessment landscape in South Africa.  

In the current study there were 13 participants. The number was deemed 

sufficient as it provided rich and detailed data. Going beyond this point would 

have become repetitive and no new codes likely to emerge from the interviews. 

Most of the emergent themes were identified after 8 interviews, and to reach a 

total of 13, only minor refinements to the themes emerged. Purposive sampling 

focuses more on quality and richness of data rather than the number of 

participants (Hennink et al., 2017). Hennink et al. (2017) describes saturation as 

the point in data collection when no additional issues or insights emerge from the 

data. Creswell (2014) states that it is the point when the researcher stops 

collecting data because fresh data no longer spark new insights or reveals new 

properties.  

The contacts with the participants were established through professional 

networks. The participants were initially contacted through WhatsApp, where they 

received a brief summary of the study and an invitation to discuss their potential 

participation in the academic research project. This method was chosen for its 

convenience and widespread use within the professional community. Following 

this initial contact, a formal email was sent to each participant, including a 

comprehensive Participant Information Document outlining the study's 
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objectives, procedures, and their rights as participants. This email also contained 

a consent form, which participants were asked to review and sign electronically. 

To confirm their participation, participants either replied to the email with their 

consent or indicated their agreement at the beginning of each recorded interview 

session. Participants’ privacy and anonymity was upheld with the utmost integrity. 

It is important to note that none of the participants received any financial 

compensation for their involvement in this study. 

The participants were carefully selected with a view to providing depth and 

insights to this research study (Hammarberg et al., 2016). The selection criteria 

for the participants were based on specific criteria to ensure relevance to the 

research questions given their experience in the use of alternative data for credit 

in the SME landscape in South Africa. The criteria included: 

• Alternative data experience: The participants needed to have had direct 

involvement/experience in working with alternative data and to have 

observed various use cases including SME credit. 

• Role diversity: Participants represented various roles and perspectives 

within the fintech ecosystem, from C-suite executives, founders and 

consultants. 

• Year of experience: Participants were required to have had at least 5 years 

industry experience.  

• Established company: The companies represented had to have a 

presence in South Africa of at least 5 years and they needed to offer credit 

scoring or lending products directly or indirectly. 

The identified sample provided both geographical diversity and experience 

diversity. Demographic profiling was not necessarily required for this study as 

insights sought had no bearing on demographic outcomes for this research 

project. 

3.6 The research instrument 

This research employed a semi-structured interview guide as its research 

instrument.  The interview guide comprised of a set of 14 open-ended questions. 



 
43 

The guide was structured into sections, each addressing specific aspects of the 

research study. These sections included: 

• Participant introduction: Incorporating introductory remarks to initiate the 

interview and give an overview. 

• Benefits of Alternative Data for SMEs: Investigating the observed 

advantages and implications of utilising alternative data for SMEs in South 

Africa. These benefits were from a borrower and lender perspective. 

• Types of Alternative Data Used: Exploring the various categories and 

sources of alternative data employed by fintech lenders and related 

businesses. 

• Information Asymmetry: Probing the concept of information asymmetry 

and its relevance to credit assessment in the SME sector. 

• Subjectivity in Credit Decisioning: Investigating the role of subjectivity in 

fintech credit decision-making and its implications. 

• Signalling and screening: Examining the signalling and screening 

mechanisms used by lenders when assessing SMEs for credit using 

alternative data.   

These interviews, lasted between 45 minutes to 120 minutes, with the average 

interview time being 90 minutes. Having a standardised guide ensured 

consistency across all interviews. Semi-structured interviews were chosen due to 

their flexibility, enabling the researcher to probe further as the participants 

responded and delved deeper into the participants’ experiences, perceptions and 

opinions (Peters & Halcomb, 2015). The implication was that the structured 

interview guide was not strictly adhered to, allowing for open-ended questions 

with the participants.  

From the literature and theoretical framework, this study addressed three key 

concepts derived from information asymmetry. These theoretical concepts were 

– the lemons market, signalling and screening. There were two research 

questions explored in this study.  
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The first question: How are fintechs transforming the SME credit 

landscape in South Africa by using alternative data? 

Questions 2 to 7 of the interview guide (Appendix C) addressed this 

research question. The goal was to unpack the current uses of alternative 

data in the SME credit market. These questions looked at benefits for the 

fintech as well as benefits for the SME. Considering that the participants 

were industry experts, a common understanding of the common 

alternative data points used in South Africa was established. It was felt 

that this information could help SMEs understand the value of alternative 

data and tap into the credit market offered by fintechs. 

The second question: How are fintech lenders addressing 

information asymmetry in credit assessment for SMEs in South 

Africa?  

Questions 8 to 14 of the interview guide (Appendix C) addressed this 

research question. The questions were primarily related to signalling by 

SMEs and screening. From the literature review, soft information qualifies 

SME for higher limits.  The goal was to unpack whether soft information 

was regarded as essential for the subjectivity components on credit 

decisioning.  Since the costs of screening SMEs increases as you gather 

soft information, it was considered essential to understand how fintechs 

are screening their businesses to obtain the signals they need to make 

funding lines available to these SMEs.  

It is important to note that fintechs do not generate alternative data themselves. 

The study aimed to understand how they access and analyse such data. In cases 

where SMEs have thin files and lack traditional data for analysis, the research 

sought to determine if alternative data were considered a substitute or 

complement.   

3.7 Data collection process 

Participants for the interviews were purposefully selected based on their 

experience, industry role diversity, years of experience and age of the companies 
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they led. The details of potential participants were obtained from the researcher’s 

professional network. Interviews were conducted either face-to-face or through 

virtual platforms, including Microsoft Teams, Zoom, and Google Meets, 

depending on participant preferences and logistical feasibility. Prior to 

commencing each interview, participants were asked whether they were 

comfortable with the session being recorded. For in-person meetings, Microsoft 

Teams was used to facilitate the recording, while virtual meetings utilised the 

respective platform's recording features.  

Each interview followed a structured yet flexible approach. It commenced with an 

overview of the research topic and an introduction to the theoretical framework 

underpinning the paper. Participants were then invited to introduce themselves, 

emphasising their professional experience in the field and academic background. 

Subsequently, the interview guide was used, but its sequence was adapted to 

the natural flow of conversation with each participant, allowing for a more natural 

and insightful discussion. 

In order to ensure comprehensive data capture, all interviews were transcribed 

within seven days of their completion. During the transcription process, attention 

was paid to accuracy, and any discrepancies between the participants' spoken 

words and written transcripts were rectified to maintain data integrity. 

Transcriptions were then carefully anonymised to safeguard the identities of the 

participants. 

At the beginning and closing of the interview, participants were guaranteed 

confidentiality (Susilo et al., 2021). This ethical principle was upheld throughout 

the data collection process.  

Data collection occurred over several months to accommodate the schedules and 

availability of the participants. All collected data, including interview recordings 

and transcripts, were securely stored in OneDrive (a cloud-based storage 

service) and a password protected computer.  
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3.8 Data analysis strategies and interpretation 

A thematic data analysis approach was followed as it is useful to identify patterns 

in relation to the participants’ experience, views and perspectives (Clarke & 

Braun, 2017). Data collection and preliminary analysis occurred concurrently 

(Peel, 2020). The framework for data analysis as laid out by Peel (2020) included: 

(1) data collection, (2) engaging with the data; (3) coding the data; (4) generating 

the code categories; (5) conceptualising the themes from the data; and (6) 

contextualising and representing the findings.  

• Data Collection: A few days after each interview, the audio and video 

recordings were transcribed word-for-word. This process was crucial to 

ensure that participants' responses were documented with accuracy and 

completeness. This process was important for maintaining data integrity 

and providing a rich dataset for subsequent analysis.  

• Engaging the data: All transcribed materials were sorted and incorporated 

within a consolidated master document. The answers were then organised 

by question to identify themes. All transcripts were read at least four times 

and throughout the data collection, there was extensive cross referencing.  

• Coding the data: Themes were then identified and coded using Atlas.ti. 

The coding was an iterative process which included clear descriptions to 

maintain the consistency as the data were being gathered.  

• Generating the code categories: After coding the data, code categories 

were generated. This process involved grouping the recurring themes and 

grouping them into categories that gave insights into the research 

questions.  

• Conceptualising the themes from the data: This step involved examining 

the categories generated and identifying common or interconnected 

elements of the participants’ answers to build concepts. 

• Contextualising and representing the findings: The apparent findings from 

the data were presented and supported by respondent extracts.   
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3.9 Possible limitations and challenges of the study 

Sample size:  The fintech lending industry in South Africa is still in its infancy and 

is dominated by a few industry players.  

Intellectual property risk: Some participants were hesitant to disclose detailed 

information about their business models, due to concerns about potentially 

providing competitors with a competitive advantage. Other potential participants 

declined the interview requests for the same reasons.  

Researcher bias: As an active participant in the industry through professional 

experience, the researcher may have had personal biases that influenced 

interpretation of the data. Through some of the work the researcher has done, 

some of the interviewed participants were colleagues in the industry. This shared 

experience in alternative data between the researcher and the participants might 

have led to an inclination to place undue weight on certain themes. The need for 

researchers to be objective is highlighted as critical during analysis. Hence, a 

clear trail of the evidence that emerges from research conducted needs to be 

available for validity and interrater reliability (Xu & Zammit, 2020). 

Potential Bias with participants known to the researcher: The researcher had prior 

knowledge of some participant details; however, measures were taken to mitigate 

any potential bias. These measures included ensuring that participation was 

voluntary and obtaining ethical approval before commencement of the interviews. 

The researcher continuously reflected on their objectivity to maintain the integrity 

of the findings. 

Qualitative analysis: This study did not delve deeply into the interest rates 

charged by fintech lenders and the impact of the credit access on the 

sustainability of the SMEs. In addition, the success of the fintechs in terms of 

credit loss ratios was not analysed, as these data are not publicly available.  

Traditional lenders: This study focused on fintechs and their use of alternative 

data. Traditional lenders that have pivoted to fintech strategies were not 

interviewed for this study. Moreover, traditional lenders were not interviewed to 

understand their credit assessment methods, as sufficient information was 

obtained from the literature review.   
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3.10 Trustworthiness and quality assurance 

3.10.1 Credibility 

Credibility refers to the trustworthiness and plausibility of the research findings 

(Tracy, 2010). In order to further illustrate the credibility of the research, when the 

overarching perspectives of different participants were compared, the 

conclusions they provided, converged. This can be described as qualitative 

triangulation. Qualitative triangulation assumes that if two or more sources of data 

converge on the same conclusion, that makes the conclusion more credible 

(Tracy, 2010). In this study, purposive sampling was chosen which resulted in the 

selection of experienced and active participants from the fintech industry. This 

sample provided various perspectives and contributed to more in-depth insights 

from the study (Graneheim & Lundman, 2004) as the participants were from 

different fields, ages and experience levels. Multivocality takes place when 

differences in experience, class or age can be the basis for very different 

meanings in the field, and credibility is enhanced (Tracy, 2010). 

3.10.2 Dependability 

Dependability in research refers to the ability to obtain consistent results if the 

study were to be repeated, and is achieved through the use of consistent methods 

and processes during data collection (J. M. Morse, 2015; Singh et al., 2021). 

Every step, including the recording process, transcription, and the strategies for 

data analysis, have been meticulously documented. Moreover, the utilization of 

Atlas.ti as the coding tool not only streamlined the process but also ensured a 

comprehensive cloud-based audit trail. Archiving all raw data records, regardless 

of the data collection method used, provided an essential audit trail and served 

as a benchmark to assess the adequacy of subsequent data analysis and 

interpretations (Nowell et al., 2017). 



 
49 

3.10.3 Transferability 

Transferability in research describes the extent to which sufficient information is 

provided for readers to evaluate the relevance of findings to other contexts 

(Stalmeijer et al., 2024). In this study, the research gave detailed descriptions of 

the research context and participants background to enable other researchers to 

evaluate the applicability of the findings in other data rich and technology driven 

contexts. Alternative data are generated in various contexts, and this study 

highlights the power of data analytics to make informed decisions, which would 

resonate with professionals across different fields. The participants in the study 

provided different perspectives on how they see alternative data being accessed 

and used. The participants discussed in detail what reliable alternative data is 

which bodes true across contexts. The study also discussed theoretical 

frameworks, such as the lemon market principle, which provide a broader 

conceptual basis for understanding the dynamics of any market where there is a 

buyer and a seller. 

3.10.4 Confirmability   

Confirmability is established when credibility, transferability, and dependability 

are all achieved (Nowell et al., 2017). It involves reflexive analysis, where a 

researcher is aware of and discussing one’s own bias and influence on research 

process and outcomes (Singh et al., 2021). In this study, the researcher 

documented every step of the data collection process thereby creating an 

essential audit trail. The researcher also discussed personal biases and potential 

participant biases as limitations to the study. This reflexive exercise was done to 

enhance the confirmability of the study. 

3.11 Ethical considerations 

This study received approval from the Wits Business School Ethics Committee, 

and an ethics clearance certificate was obtained before any data collection 

commenced. For reference, please see the certificate in Appendix D. Participants 

were advised that participation in the study was entirely voluntary and had the 
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opportunity to withdraw at any point. None of the participants interviewed 

withdrew from the study.  

Importantly, levels of confidentiality and anonymity of the participants were fully 

disclosed to each respondent.  

As far as confidentiality is concerned: 

● During the data interpretation process, no participant responses were 

identifiable and disclosed to other participants.  

● If any participant disclosed information that they explicitly stated should be off 

the record, the information was excluded. 

As far as anonymity is concerned: 

● The interviews were conducted face-to-face or using video conferencing 

facilities. The identities of the participants were known to the researcher and 

are not disclosed in the final report. 
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CHAPTER 4. RESEARCH FINDINGS 

4.1 Introduction  

This chapter presents the findings of the study, obtained through analysing the 

data collected through the interviews. The persons who participated in the 

interviews comprised a diverse group of professionals, each offering a unique 

perspective based on their expertise in either the fintech or traditional lending 

landscape, with a particular focus on the SME sector. 

The chapter commences by providing background information about the 

participants, ensuring that their identities are protected while offering context to 

their valuable insights. This is followed by an overview of the coding process 

employed during data analysis and an explanation of how the themes were 

developed from these codes. 

In the third section, we delve into each identified theme, elaborating on its 

implications for the research questions. The themes are presented with 

supporting evidence from the interviews, grounding the findings in the 

participants' first-hand experiences and insights. 

4.2 Background information on participants 

Table 4 shows a high-level profile of the participants. All participants were 

assigned unique identifiers in the order in which their interviews were conducted 

(P001, P002, etc). The unique identifier ensured that anonymity and 

confidentiality were maintained, in accordance with the consent provided by the 

participants. 

Table 4 shows that the sample participants are made up of senior executives at 

62% and founders of companies at 38%. The average age of the participants was 

46 years with an average experience of 18 years working with alternative data 

across diverse industries.  
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Table 4: Participant profiles  

Participant 
ID Gender 

Alternative 
Data 
Experience Position 

Type of 
Organisation  

P001 Male 20+ years Head of Digital Product Fintech 

P002 Male 20+ years Chief Risk Officer Fintech 

P003 Male 10+ years Managing Director  Fintech 

P004 Male 20+ years 
Advisor (Financial 
Services) Traditional 

P005 Female 5+ years Chief Product Officer  Fintech 

P006 Male  10+ years Head of Africa  Fintech  

P007 Male 20+ years Director  Traditional 

P008 Female  5+ years Co-founder  Fintech 

P009 Male 10+ years General Manager  Fintech  

P010 Female 5+ years Co-founder and CEO Fintech  

P011 Male 20+ years Head of Credit Analytics Fintech  

P012 Male 20+ years Chief Innovation Officer Traditional 

P013 Male 20+ years Chief of Decision Analytics  Traditional 

 

The industries to which the various participants belonged were distributed as 

follows: 

• 31% of the participants represented fintech lenders that utilise alternative data 

sets to provide credit to SMEs in South Africa. 

• 31% were affiliated with credit bureaus that leverage both alternative and/or 

traditional data to construct comprehensive and commercial scoring models 

for SMEs and consumers.   

• 23% worked in businesses that service SMEs and generate a plethora of data 

points that can be classified as alternative. These businesses offer embedded 

funding or credit options to SMEs utilising the alternative data they generated.   

• The remaining 15% were consultants who collaborate with fintech and 

traditional providers across Africa and Europe, advising on the use of data to 

enhance credit accessibility for SMEs. 

This diversity of the participants offered comprehensive and multi-faceted 

insights into the research questions, even though the perspectives were not 

exhaustive. The participants for this research were predominantly male, which 

explains the unequal representation of females in the study. Although a more 
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balanced gender distribution might have provided a wider range of perspectives, 

the lack of gender parity does not affect the validity of the findings.   

4.3 Thematic coding analysis  

The transcripts of the interviews were analysed using a thematic analysis/coding 

process and a deductive coding method was followed. In a deductive approach, 

the theoretical framework and the research questions are applied to develop the 

codes and then subsequently attach the codes to the text (Xu & Zammit, 2020). 

Microsoft Word was used for manual and first level coding, with broad topics 

identified. Second level analysis was digital using Atlas ti.  

Each new idea or concept was assigned a unique code, and similar ideas or 

concepts were grouped under the same code. Initially, 25 anchor codes were 

identified. These initial codes are the smallest unit of analysis that capture 

interesting features of the data (Clarke & Braun, 2017) and the participant views 

(Xu & Zammit, 2020). From these codes, categories were developed to cluster 

and group the various codes together. This led to the identification of key themes 

emerging, which captured the core insights from the data. The themes shed light 

on the research questions and offered meaningful patterns to interpret the 

findings.  

The themes that emerged from the data were analysed and juxtaposed against 

the literature review and theoretical framework (Xu & Zammit, 2020).  

Table 5 lists the codes identified, categories developed and the respective 

themes that emerged. 

Table 5: Theme identified  

Count Codes Categories Theme Identified  

1 Data analysis techniques 
Data Analysis Techniques 
and Verifiability 

Fintech Innovation (Theme 1) 
 

2 
Verifiability, Reliability, 
Accuracy of Data 

3 Alternative Data (defined) 

Data-Related Concepts 
4 Alternative Data Type 

5 Data acquisition and access 

6 Data types and sources 
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7 Hard Data 

8 Soft Data 

9 Traditional Data (defined) 

10 Access to Credit 

Fintech and Lending 
Practices 

11 
Advantages: Fintech and 
Alternative Data 

12 Fintech business models 

13 
Traditional Lenders vs 
Fintechs 

14 Adverse selection 

Credit Assessment 
Concepts 

Data driven transformation 
(Theme 2)  
 
Objective-Subjective 
Relationship (Theme 3) 
 
Mitigating Asymmetry  
(Theme 4) 
 
Signalling Creditworthiness 
(Theme 5) 
 
Screening Enhancement 
(Theme 6)    

15 Credit assessment 

16 Creditworthiness 

17 Screening 

18 Signalling 

19 Substitute or complement 

20 Information asymmetry  

21 Interest Rates and Pricing 

22 Subjectivity 

4.4 Presentation of findings 

4.4.1 Findings based on RQ1 

RQ1: How are fintechs transforming the SME credit landscape in South 

Africa by using alternative data? 

The findings in this qualitative research paper reveal that the fintech SME 

landscape in South Africa is evolving. It highlights the pioneering innovative 

approaches of fintechs to using alternative data as well as the profound impact 

of alternative data in reshaping credit assessments.  

4.4.1.1 Innovative approaches and advantages of fintechs in SME 

Lending  

The findings highlight that given the scarcity of funding for SMEs, fintechs have 

innovated in the credit space. They have developed products that exhibit a more 
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nuanced understanding of the heterogeneity of SMEs. They offer tailored funding 

solutions through innovative ways of gathering alternative data.  

Participant P003 emphasised the following aspect of alternative data: 

“Alternative data as a concept is about using information in a way that improves the 

entire credit experience of SMEs”. – P003 

Participant P012 was of the view that: 

“From a lender perspective, the big role of alternative data is to assist lenders make 

credit decisions where there is very little data to start with. This could be due to the 

bureau infrastructure being limited or generally because there is not much traditional 

data lying around”. – P012 

A similar viewpoint was expressed by P013.  

Alternative data allow fintech credit providers to service markets that have 

traditionally been underserved by conventional credit methodologies such as 

micro enterprises. This sentiment was echoed by participants P002, P003, P007 

and P011.  

Below are a few comments from participants on the innovative uses of alternative 

data: 

“We call it embedded finance.  It becomes everywhere, if you need a bit of money 

for a short space of time, somebody will have scored you and will [have] an offer for 

you, using whatever data they found that works for their particular predictive model.” 

– P001 

The participants described how SMEs are provided with credit offers without 

actively getting involved in the application process. This scenario is due to big 

data being used to score large numbers of merchants:  

“You want something that happens without SMEs getting involved, you just get the 

offer.  So that is possible when you start talking to the guys who are providing 

services to the SMEs and you agree that you have developed a mechanism to score 

headless data…the headless data that you’ve been given access to, allows you to 
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score tens of thousands of merchants…there’s no application process, it’s just 

something that’s available to your merchants as and when they need it.” – P001 

Participant P001 discussed the improved application processes, emphasising the 

seamless and convenient nature of application processes. Participant P004 was 

of the view that fintechs using alternative data have fundamentally transformed 

the uncertainty in the customer's mind regarding the journey of accessing credit. 

This viewpoint was echoed by participants P001, P003, P010 and P012:  

“One of the things that we changed when we redeveloped the digital version of the 

merchant cash advance product was, there was no application process.  We 

managed to get information which was completely and utterly anonymous but 

represented a business in its entirety…” – P001 

“The process has changed to using your trade data. Based on that [trade data], 

here’s your offer, which means you make the decision when you want to take the 

funding, how you want to use it.  So power moves to the small business” – P003 

“The secondary value of alternative scoring for SME, its certainly is a big pain point, 

most of them just don't know how to have the business information in the one place.  

Being able to help them aggregate all the stuff in one place and find it easier when 

it’s in one place is also becoming an interesting value for these SMEs, so that 

essentially means that they now have one place to apply for financing” – P010 

“it’s using alternative data [as a lender] to pre-empt what you're looking for versus 

you going out there and looking for something” – P003  

“SMEs do not trust credit providers, because they get turned down and embarrassed 

when they ask for money, whether they are a consumer or they are a business” – 

P012 

Participants P012 and P013 stated that SMEs are often reluctant to apply for 

funding due to negative experiences associated with the process. The idea of 

using alternative data changed the application process from a pull process to a 

push process which fundamentally transformed credit from a bad actor 

experience to a good actor experience, as articulated by participant P001. 
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Participant P008 highlighted the importance of innovating while keeping certain 

things constant. P008 spoke of integrating into an existing service in the markets 

in which they operate.  

“Our solution is end-to-end on WhatsApp, so there is no app, there’s nothing of that 

sort….  it’s just a WhatsApp end-to-end solution, used to collect data which is 

verifiable by credit records and information that’s available online and then some of 

it is verifiable against aggregated domain knowledge, some against social media. 

So we kind of get the soft data and then look at ways in which we can verify it 

ourselves without having to make the person upskill themselves to be able to meet 

that.” – P008 

“The worst thing you’d want to do from a distribution perspective is to take people 

away from an ecosystem that they are familiar with and try to build something for 

them.” – P008 

This sentiment was echoed by Participant P009 who highlighted how fintechs 

evolve to adapt to the changing needs of the SMEs:  

“With the rise of digital commerce or ecommerce, there was a need to borrow 

particularly at the point of sale, as an example, and with digital commerce 

blossoming as it has, the various fintech players were able to fill that gap” – P009  

The participants further highlighted fintech innovative capabilities in leveraging 

real time information in predicting propensity to pay.  

“…Now that you have readily available real time information that can be passed on 

to the lender, that changes the game versus waiting for information or collecting 

information [from the merchant].” – P002 

“We are a fintech that enables small businesses that cannot be scored with 

traditional credit scores to access financing better.  How we do that is we essentially 

have built and alternative credit scoring infrastructure that allows us to collect cash 

flow sources directly from … multiple filters that SMEs use.” – P010 

“Because it’s real time data that’s been provided, you want to take the funding.  That 

fear of having to apply for funding and then being rejected has been removed….” – 

P003   
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Participants P005 and P006, who were part of businesses that generate 

substantial amounts of data, highlighted the availability of real-time data on their 

respective platforms, which fintech lenders utilise for immediate scoring:  

“We track actual stock, so we’re a stock management solution and we can see which 

stock is moving fast, which stock is not moving. Ultimately we want to make the data 

available to multiple lenders with different kinds of products or lending products 

because the different traders are at different phases of their business and so their 

requirement is very different” – P005 

“For the optionality of getting immediate payment on your invoices… SMEs can 

implement a supply chain finance programme interfacing with buyers ERP 

system,… and every single time a supplier delivers and invoices the corporate, their 

invoice comes into the platform, so they also get a working capital injection because 

now they can get their money almost immediately, like within five days of the invoice 

being approved” – P006 

P005 echoed the idea that the same alternative data can be used for different 

types of credit.  

In addition, the research revealed the significant benefits of utilising real-time data 

obtained from channels outside of the SME owners. Participants P001, P006 and 

P009 notably highlighted the inherent difficulty in manipulating alternative data:  

“When using alternative data, you have to actually set up a bank account and 

simulate activity for 180 to 360 days before you can even start to get credit.  That 

makes it a lot more difficult than just filling in a paper form with some dodgy details 

that can't be checked anyway” – P001  

“In supply chain finance, [real time] alternative data, derisks the entire ecosystem, 

and removes the chance of fraud risk” – P006  

“What alternative data does allow, is capability to rely on multiple sources of data. 

The chances of all of them being incorrect is lower than when you're relying on a 

single source. If there is an error in that or whatever the case might be it becomes 

difficult to create that” – P009 

The real time nature of the data was discussed at lenghty by Participant P009. 

Essentially, P010, P012 and P013 emphasised the near real-time quality of these 
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data. This characteristic makes the data less stale than the information that 

traditional bureaus use, and that aspect is quite useful. 

“I think alternative data is going to enhance models, is it takes a view of you right 

now, it looks at your transaction behaviour over time, so there’s velocity of changes 

in transaction behaviour, changes in spending behaviour, changes in purchase 

behaviour, changes in web data insights on, are there more complaints or less 

complaints in the last two days, which a traditonal model will never pick up” – P012 

The participants unanimously emphasised the progress achieved by leveraging 

alternative data for working capital solutions. However, some believed that the 

adoption of alternative data remains in its early stages within the South African 

market: 

“In general, very nascent usage of non-traditional data.  But in the POS space 

actually if we’re specific to that use case, yes, I'm excited that we’re advancing credit, 

so that whole Square, Yoco, iKhokha, advancing, which is really working capital 

funding, I think that’s innovative and that starts us moving in the right direction but, 

yes, in general though it’s still very nascent.” – P009 

Participant P009 further pointed out that while point of sale lending has been a 

success, it has been limited to working capital credit and not other types of credit.  

“..the POS device lending solutions, that’s a start, and it helps a lot in terms of very 

viable SMEs accessing credit, but really that’s working capital.  So that’s one type 

of capital.  There’s other types of capital that a lot of these SMEs actually may 

warrant, so growth capital and all other types, to fund their business, that’s where 

they may not necessarily have financial statements but you may be able to consider 

other attributes, holistically. So we haven't seen that happening.  We’re seeing 

movement but we haven't reached critical mass…” – P009  

There has been significant growth of unsecured credit, which has now become a 

critical source of funding for SMEs. The use of alternative data helps mitigate  

structural biases such as race, gender and location, within the SME population. 

This benefit was also strongly expressed by participant P003.  

“The number one key differentiator or key important factor…with alternative data, 

particularly how we use it, which is anonymised, there’s no bias in the method, there 
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is no bias in the population…We use only trade data of that person.  So you remove 

any bias from the performance and through these patterns of looking only at trade 

data, you can then give funding to merchants that never qualified before” – P003  

Participants underscored the substantial influence that the regulatory landscape 

plays in shaping the fintech industry and its ability to leverage alternative data. 

One participant noted:  

“In the UK, its obviously a regulatory lend model, they rolled out open banking 

regulation which then meant essentially organisations are compelled to share 

customer data if the customer consents.  So that obviously then created a huge 

opportunity for alternative lenders, other fintech players to access data and therefore 

innovative in terms of propositions that weren’t being offered by the incumbents.  So 

I think that’s what also triggered that market to essentially be a lot more open to 

sharing data via open API standards.  So in South Africa it’s been more an 

incumbent led model rather than a regulatory lend model because regulations are 

still behind and so then data hoarding, unwillingness to share data and therefore 

information asymmetry still persist. So the organisation with the most data then feels 

like they have the upper hand but actually, really the whole point of the regulation is, 

that’s not your data, that’s customers’ data, you shouldn’t really be holding it.  So 

that’s where I think we are still moving into. We are at a slower pace and partly 

because there’s no regulation to serve as a burning platform.” – P009  

Participants highlighted the increased financial inclusion from alternative data 

uses –  

“The good thing about alternative data, it brings underserved SMEs into the more 

formal data world, not formal business world but formal data world… even though 

the company is still an informal business, it operates as a formal business, the data 

you have on the business is similar to the data you have on a medium sized 

business.” – P012 

“We know there’s a huge proportion of people that we lend, it’s their first real journey 

into credit…so I do not think they would really be any debate around that.  The 

service that we provide and our competitors provide is incredibly necessary and 

clearly the mainstream lenders are not in that space at all, are not interested in it.  I 

don't think there’s any debate about that” – P002 



 
61 

“Because of  alternative lenders, because of access to funding, we are actually 

formalising informal markets by default” – P003 

“For financial inclusion it’s really important because with alternative data you get 

information about the company which the company cannot provide through 

traditional means...So that’s where alternative data tells how financial inclusion can 

really open up the spectrum of lending to a great extent” – P007 

“Alternative data allows you to open up opportunities that SMEs haven't had before, 

and also gives the marginalised access to credit” – P011 

4.4.1.2 Types of alternative data points for credit scoring (RQ1.1) 

RQ1.1: What types of alternative data points do fintechs commonly rely on 

when credit scoring SMEs? 

Definition of alternative data  

The definitions of alternative data provided by the participants varied broadly. 

However, a consistent element across all definitions was the concept that these 

data were derived from sources other than the SME itself: 

“It is data that you wouldn’t typically collect from a customer when you're onboarding 

them, and/or data that typically goes beyond what you would collect from the 

customer when onboarding them” – P009 

“So, what we would deem as alternative is anything that is over and above this so 

called publicly available data that we can access from a credit bureau.” – P010 

“Alternative data in the banking sense are the things like your turnover and the 

regularity at which you're able to do that, as well as now, which is very interesting, 

all the other non-financial data.” – P004 

“Alternative data is anything that is non-transactional” – P005.  

“It is soft data, that you can verify through social media scraping, in one way, but 

then also in the way that you collect the data and building in checks, building in 

truthfulness reports and understanding that data in the context of sectorial 

knowledge” – P008  
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In order to contextualise the topic, a few of the participants gave definitions of 

traditional data: 

“What we deem traditional credit data sets are what credit bureaus have access to, 

so your history of credit, mostly from formalised sources like high street lenders like 

banks.” – P010 

“Traditional data is obviously all the usual stability kind of questions that you normally 

get asked on an application form for credit, plus anything that you could derive from 

a bank statement or an income statement, and the credit bureau.” – P002 

Participant P005 offered a unique perspective on the distinction between 

traditional and alternative data, introducing a viewpoint that diverged notably from 

the rest: 

“Traditional data would be transactional, so if it’s looking at financial 

behaviour...However, if you’re looking on invoices but you're not looking at the rand 

value and you're looking at the stock and how often you order the stock, so you can 

deduce how quickly you sell it, that becomes alternative because it’s not specifically 

on money. Its other factors that can feed a credit model. Traditional data focuses too 

much on the money side, but we’re not focused on the stock and services that you're 

using that money for” – P005  

Participant P001 in defining alternative data as a data source, highlighted the fact 

that it has always been available. The methods of harnessing these data, 

however, have been archaic:   

“I think that non-traditional data precedes traditional data in the sense that we 

weren’t able to capture the stuff previously, it’s always existed.  So, the number of 

friends you have, that’s always existed, it’s only now that we’ve got social media that 

I can actually get the number of friends that you have via WhatsApp, Facebook and 

Instagram. Lenders are now able to pull information out of your life which has always 

been there, it just hasn’t been recorded, and now it’s recorded.” – P001 

Types of alternative data (RQ2.3) 

RQ2.3: What kinds of alternative data are fintechs utilising to limit issues of 

information asymmetry in the credit assessment process?   
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In South Africa, access to finance remains a significant hurdle for small 

businesses seeking credit, with low approval rates from conventional funding 

mechanisms (Mbedzi & Simatele, 2020). This gap in the market provides a 

commercial opportunity for fintechs to leverage alternative data to enhance 

financial access. A key finding of this research report is the enhancement of 

financial inclusion and a notably higher approval rate as a result of fintech 

initiatives. 

“Fintechs don't tend to talk to the 10% to 15% of the total population that the banking 

sector tends to talk to.  So the first thing is that we tend to talk to a much broader 

swathe of the population and that’s possible because we’re using data that the 

banking sector doesn’t have access to.” – P001 

Fintechs are employing a wide range of alternative data types, each playing a 

unique role in assessing an SME's creditworthiness. The participants gave 

examples of alternative data types:  

“Behavioural scoring and bureau score is traditional data and demographic is also 

traditional data.  Psychometric, the mobile, the online data and geospatial, those are 

all alternative data” – P011 

“Any sort of purchase, stock inventory purchase data could be useful, in theory, 

phone, telco data could be useful, obviously the point of sale.” – P002  

“Stokvel data is alternative data. Stokvel market, is by far the biggest credit product 

that we have and is run completely outside of the traditional institutions.” – P001  

“Currently common in the industry is payment data. This is well established actually 

becoming quite mature and established” – P002  

“I look at small businesses and so from a business perspective I think you can draw 

a lot of other indicators, like location and foot floor around the location, rather than 

purely from your bank account statement, especially when you know it’s a high cash 

flow area.” – P005   

Other examples of alternative data for which participants have started to see 

applications in the South African market, include tracking safe drops, supplier 
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purchases, social media reviews, marketing engagement, accounting platforms, 

insurance data and cell tower information.  

As fintechs evolve in SME lending, there has been a shift from traditional sources 

of data like bank statements into more agile and innovative sourcing strategies:  

“We pivoted towards not only not using bank statements as much but using readily 

available information that was available online, always available…” – P002 

“We got a list of every single transaction that business was doing from a card 

perspective, and that was sufficient data for us to be able to score that business…” 

– P001  

Role of alternative data  

Participant P004 challenged the notion that the use of alternative data is the 

exclusive domain of fintechs. He argued that traditional businesses are also 

starting to utilise alternative data: 

“In defining alternative data, it is standard operating procedure for anybody who has 

an extended supply chain to proactively offer credit to that supply chain using 

alternative data, and they don't have to be a fintech.” – P004  

This notion was echoed by participant P005, referencing how a traditional 

corporate is using alternative data: 

“What South African Breweries does differently though, I think, and this is really 

alternative, is that they have sales representatives that go out to look at stores and 

based on location, store setup, they sponsor fridges. I think that is alternative data 

because you're actually looking at aesthetics of your store and interior design [for 

potential]” – P005  

The key driver for fintechs using alternative data was captured by P002 and P011:  

“The key driver for using alternative data is either to get better risk models or 

specifically, just a general evolutionary thing, how do we get better discrimination in 

terms of being able to make risk decisions, but probably more importantly and more 

pertinently, it’s to open up markets that are not traditionally served or not served by 

the traditional means” – P002 
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“The big role of alternative data is around trying to assist you in making a decision 

where there is very little data to start with, that might mean because bureau 

infrastructure is limited… it’s general because there’s not much traditional data lying 

around.” – P011 

Participant P011 discussed the success of leveraging psychometric scores as 

alternative data in SME credit assessments. The participant emphasised that 

psychometric tests can be used to tilt decisions:    

"You can put in some buffers with the high risk customers based on psychometrics, 

generally, remember, if we split that risk up where we stated at the beginning, the 

risk of the customer, the risk of the company, the risk of the industry, the risk of the 

region, and then affordability, yes, you can combine them a little bit but generally 

your affordability decision must be fairly strict around your standard affordability 

rules, you can tweak a little bit with risk, just open up basically your exposure to the 

low risk people and close your exposure down to the high risk people” – P011  

Online data and geospatial data were also mentioned as types of alternative data: 

“Geospatial score is below twenty and then the online data is now above mid-teens. 

Mobile data scores also can be quite weak depending on how much you use your 

phone and what you are scraping from the phone but can be as high as sort of late 

twenties, maybe early thirties.” – P011 

P007 highlighted the fact that some alternative data points are particularly useful 

for assessing short-term loans:  

“…you just need to look at the bank statement to see income or the mobile phone 

statements, what money comes in, what money goes out, and then you know that 

within three months the chances of your loan being repaid are pretty high…’’ – P007  

Collection of alternative data  

The incumbent fintech providers pioneered the process of obtaining alternative 

data through channels other than the SMEs themselves. In addition, this 

collection of data by SMEs is important for signalling and screening of SME data: 

“We were the first to partner with service providers within the SME industry and use 

their data as a credit risk instrument. We partnered with corporates that actually 
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process POS transactions … in some instances we are literally dealing with a 

machine that you are pushing the credit cards through on your counter top” – P001 

“As a data company, we are generating lots of data. Any data is always good data, 

depending on how you collect it.  So, it’s the method in collecting and passing clean 

data.  …I think for us it’s very easy to align with people that need to use the data 

and it’s easy for us to find alignment on how we get that data passed.” – P005  

“We use geospatial with non-SACRRA members and non-credit clients that we work 

with, and basically you can have models that say, listen, I've got no credit record of 

you but I know that you are like your neighbours, and there’s some sort of correlation 

there that you can use which can be done at a very fine level” – P011   

Participant P005 further reiterated that only anonymous data is shared with third 

party credit providers.   

P001, P009 and P010 covered how fintechs have become smart in collecting 

data from multiple sources.  

“By partnering with SME service providers, you’ve got real time access to the data, 

potentially, and that is game changing, because certainly in some businesses that 

credit decision needs to be made within the space of a half an hour.” – P001 

“Partnerships are valid insofar as it relates to open APIs and data sharing …there’s 

a lot of data sharing going on via open APIs, and so that then allows a lot of these 

companies access to data at scale” – P009 

The participants drew attention to new data verticals that could be mined in time 

and would be revealing of the stability of the business:  

"So WhatsApp business side is becoming interesting and potentially means that 

they're going to be seeing the data that we’re all interacting with, with all of these 

companies that have now sat themselves on WhatsApp, it won't be financial, so 

payments are not yet a thing, but they can certainly start gauging level of customer 

complaints, good versus bad reviews, how much interaction there is, so again useful 

data for a company.” – P001    

"We are scraping web data, so internet data on businesses. The data is not financial 

data, it is data such as do they have a website, do they have a Facebook page, how 
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many complaints are there on Hellopeter on this business, how many kudos on there 

on Hellopeter, are there any press releases or press clippings on this company, has 

that press release been positive or negative, as an example, and seeing what the 

predictive value is of that data…. It’s a bit of a different approach and we have tested 

this in developed markets” – P013 

The distinct aspect of mobile data collection merits individual discussion: 

"You can launch a mobile app and a person’s mobile phone is incredibly rich from 

an information perspective, and a lot of players are now looking at using the data on 

your mobile phone to build up a credit model for you which allows lenders to extend 

the appropriate amount of credit based on the interactions happening on your 

phone” – P001 

“Tracking of mobile behaviour has become a common trend by fintechs. For 

example, Mr Price has a cash customer app were one can get specials. You 

download the app, a year later apply for credit, they could use your behaviour on 

that phone by having code on the app that actually tracks what other apps you have, 

how much airtime you use, how much data you use, and various other behavioural 

information around how you use your phone” – P011 

On the validity of the alternative data, the participants believed that it matters 

where the data is coming from and whether it is susceptible to manipulation: 

“I think where the data or the data is coming from or how it’s collected doesn’t 

necessarily affect the fact that it is alternative. What it does though, is it just affects 

the validity of it.  So, you can have all these different data sources or data sets, but 

one would weigh more because of how verifiable it is” – P010 

“There will always be an element of trust and reliance on the data being accurate. I 

think the key data that we would rely on from a partner in terms of making risk 

decisions, would also be the bread and butter of the partner and SME.  So, they 

wouldn’t be in business if that data was distorted or in any way inaccurate.” – P002 

“Banks themselves do due diligence on all of the companies that they partner with 

as a value-added services layer, to make sure that the bad actors get weeded out 

very quickly.  So, the guy’s you are dealing with are kind of accredited by the banking 

system, and that also promotes trust in the system.” – P001 
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All of the aforementioned points were echoed by both Participants P003 and 

P010. 

Participant P006 emphasised that as an aggregator of alternative data within the 

supply chain industry, they play a critical role as a third party in the ecosystem of 

confirming the veracity of the information that fintechs can rely on.  

An interesting perspective of the validity of alternative data and how it is 

generated was provided by participant P002: 

“It’s not because its alternative data, that gives you the benefit, it’s just the fact that 

it is ongoing [continuously] available. Ease of access to the data is what's giving the 

benefit there.” – P002 

4.4.1.3 Complement or substitute for traditional data (RQ1.2)   

RQ1.2: How does alternative data complement or substitute traditional 

credit data in evaluating an SME’s creditworthiness? 

The opinions of the participants varied on whether alternative data should be 

viewed as a complement to or a substitute for traditional credit data. The majority 

seemed to lean more towards the view of alternative data as a complement.  

Participant P002, offered a distinctive perspective, questioning the pace at which 

alternative data is evolving –  

“Now, which is the better thing, to have something that’s a little bit old fashioned but 

stable and lasts longer or something that is just constantly iterating.” – P002 

P003 noted that in some cases, fintechs have not replaced traditional data but 

are instead using the same data more efficiently –  

“We took bank statement information only to assess the customer, and then of 

course everything improved.  Turnaround time improved, approval rate improved, 

customer experience improved, but it didn’t leapfrog from where it was, it became 

more efficient.” – P003 
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Participant P003 further noted that fintech lenders have streamlined the loan 

application process, reducing the turnaround time from weeks or months to 

merely hours or days.  

Participants expressed views on alternative data being a substitute:     

“I believe it’s a substitute… it becomes difficult to mix the models together because 

by doing that you're then taking advantages and disadvantages on both sides away 

and that’s what we actually find practically.” – P003  

“Alternative data can be a substitute. I would hope that most fintechs who do this 

well rely on more than one source. When you are relying on multiple sources the 

chances of all them being incorrect is lower than when you're relying on a single 

source” – P010  

“We think on companies that we've got no data on we can build a score on alternative 

data only, we don't think … we are currently proving it, we are building those scores.  

Yes, you will always, especially on the smaller businesses, the individual, the owner 

actually, that data also comes into play, but we are definitely building a score based 

on alternative data.” – P012 

P008 and P011 acknowledged that traditional credit scores from bureaus do 

provide some value ("I don't think they're totally rubbish"), especially for 

individuals who already have credit histories. However, they also pointed out the 

limitations of these traditional scores, suggesting they do not cater for certain 

personal factors or situations and in instances where there are no credit scores. 

In those instances, it can be a substitute.  

Other participants argued that alternative data is a complement:    

“In consumer credit, still relatively low value ticket lending, alternative data is a 

substitute. However, in your traditional SME lending, in terms of volume and size, 

you would go back to more of a complementary type of setup.” – P004  

“I don't think alternative data can be a substitute, we still need to overlay something 

with something and … the more data you have, the better.  I don't think one thing 

can substitute the other, I think it just can simply enhance it, like it can enhance and 

give you ever greater comfort.  So, if you have 50% certainty, you can get to 80% 

because you’ve got a more enriched overview” – P006 
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“So the use of alternative data replaces and supports traditional data. But there’s 

going to be a long tail in moving the banks to use alternative data, not because they 

don't want to, but because from a regulatory environment they're going to have to 

see how do they incorporate it into this strict regulatory world, whereas from a credit 

bureau perspective, easier to work with fintech funders that would jump at this 

opportunity.” – P012 

“It’s a complement, I don’t think the market is ready.” – P012 

Participant P007 distinguished between the uses of alternative data for short-term 

versus long-term credit assessments:  

“If you want to give a three year loan you’d better have enough data which goes long 

enough back in order to feed the algorithms to get a credit decision...Three months 

is something which you can assess with alternative data, where you just need to 

look at the bank statement to see income or the mobile phone statements, what 

money comes in, what money goes out, and then you know that within three months 

the chances of your loan being repaid are pretty high, but you won't have the 

possibility to assess a three year loan.  So inventory finance is possible but real 

investment or for machinery or whatever else is needed, building, that won't be 

possible.” – P007 

Participants P012 and P013 argued that the South African market is not ready for 

a full transition from conventional assessment methods to fully alternative. Upon 

a more thorough examination of this question, it became evident that a one-size-

fits-all approach is insufficient. The views of participants, initially varying, began 

to show notable similarities with cross referencing:   

“The smaller and the shorter the term, the more it is a substitute” – P002 

“You almost need to pick which one is your core decision model and the other one 

can be overlaid as a checking mechanism or a method to maybe talk up or down the 

offer, but it mustn’t affect the entire decision.” – P003 

“It’s a hybrid type approach. You would add the weighting of each data set differently.  

For example, you would weight different data point in the same model, alternative 

and traditional” – P005  



 
71 

Participant P011 suggested a hybrid approach, particularly when making 

decisions about applicants who are borderline cases, stating –  

“Particularly around margin calls, so those are the sort of middle ground where close 

to the cut off. You could add this extra level of insight and push it over the line, one 

way or another, and we’ll therefore accept or decline the person based on the margin 

call we’re making with the psychometric test.”  

Participants P012 and P013 pointed out that adoption of alternative data will vary 

across different sectors of the lending market. For example, P013 reflected:  

"If you think about it in the retail world and in the unsecured lending world, they’ll be 

adopting this a lot more where the formal banking world will test this but they won't 

aggressively adopt it." 

Participant P010 suggested enriching traditional data with alternative data 

sources to create a more inclusive and effective credit scoring approach to the 

extent that the targeted sector is credit scorable. This view provides a balanced 

perspective for SMEs in the informal sectors where alternative data can act as a 

substitute.  

Theme 1: Fintech innovation 

This theme focused on the novel business models employed by fintech 

companies leveraging alternative data to provide access to credit for SMEs in 

South Africa. It is evident from the above sections that innovative business 

models are reshaping the SME landscape. It provides an understanding of how 

fintechs view alternative data and how they have consumed it to transform credit 

access for SMEs. The theme illustrates the distinct advantages SMEs experience 

when securing credit through fintech platforms, as opposed to traditional credit 

providers.  

Participants highlighted advantages such as enhanced financial inclusion, 

frictionless and seamless lending processes, increased convenience, higher 

approval rates, more tailored financial products, and the competitive edge gained 

from these practices. Overall, the theme emphasised the differing paradigms in 
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how fintechs approach credit for SMEs, which has in turn become the competitive 

edge over conventional finance providers.   

The broad codes that came through from this theme when interviewing 

participants are set out in Table 6. 

Table 6: Theme codes  

Access to Credit (frequency = 24) 

Advantages: Fintech and Alternative Data (frequency = 103) 

Fintech business models (frequency = 55) 

Traditional Lenders vs Fintechs (frequency = 38) 

It is of interest that "advantages" emerged as the most frequent code across the 

data from the 13 participants interviewed, appearing 103 times.  

This finding solidifies its significance in the conversation surrounding fintechs and 

SME lending. From the co-occurrence of the codes within this theme, a strong 

link can be seen around how fintech business models leverage the advantages 

of alternative data to enhance access to credit and differentiate themselves from 

traditional lenders. 

Table 7: Code co-occurrences  

 

4.4.2 Findings based on RQ2 

RQ2: How are fintech lenders addressing information asymmetry in credit 

assessment for SMEs in South Africa?  

The questions posed to the participants under RQ2 explored various topics aimed 

at capturing the fintech landscape in as far as information asymmetry is 

Access to Credit Advantages: 

Fintech and 

Alternative Data

Fintech business 

models

Traditional 

Lenders vs 

Fintechs

Access to Credit 0 2 3 1

Advantages: Fintech and 

Alternative Data

Gr=103

2 0 14 9

Fintech business models 3 14 0 6

Traditional Lenders vs 

Fintechs

Gr=38

1 9 6 0
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concerned. There were various interconnected sub-questions that sought to elicit 

the required insights.  

RQ2.1 investigated how subjective measures are incorporated into credit 

algorithms.  RQ2.2 delves into the sustainability indicators that fintechs rely on 

when using alternative data to make decisions about propensity to pay into the 

future. RQ2.3 explores the strategies that fintechs employ to limit information 

asymmetry. In order to understand information asymmetry, the research report 

looks at adverse selection, signalling and screening in greater detail.  

4.4.2.1 Application of alternative data in credit assessment  

The view emerged that the application of alternative data by fintechs has been 

transformative:  

“Fintechs have fundamentally transform credit from something which is almost like 

a bit of a bad actor kind of experience” – P001 

The application of alternative data in analysing SMEs represents a needed shift. 

It fundamentally challenges the core credit principles typically embraced by 

traditional providers. 

“The base assumption is that you are in business, and you are living off that 

business, and to continue to have your livelihood the business needs to continue to 

work.  So, it’s a completely different base equation.  You’re not actually assessing 

the ability and the willingness; you’re assuming that the willingness will be there to 

pay because it is based on that your business will continue to trade. It is just a 

different equation and therefore it’s a different risk assessment.” – P002   

Despite the above, from a South African perspective, several participants pointed 

out that the application of alternative data is still nascent: 

“I don't think that we've adopted alternative data fully, I know there’s a few POCs 

that run but in terms of commercialising it, I think it’s still a bit in the infancy stage.” 

– P005  

“In general, very nascent usage of non-traditional data” – P009  
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A factor considered when deciding which types of alternative data to use, is the 

measure of consistency:  

"One of the key things in risk management is consistency in process, so if you’ve 

got an alternative data source, let’s say Facebook, and you do a whole lot of analysis 

that tells you certain aspects of your Facebook profile, whatever, will be predictive.  

Now, what if significant portion of your population are not on Facebook?” – P002 

Questions like this one enhance understanding of issues of information 

asymmetry to be discussed in a section that follows. 

In an insightful commentary on integration of alternative data in credit 

assessment, the participants highlighted how segmentation of SMEs is 

considered:  

“When you have real time data of SMEs, you can start looking at various businesses 

that are similar together and you can do that without knowing anything about the 

business…You can then start predicting trends on those clusters” – P001 

“Access to real time allows you to have more targeted treatment, meaning that you 

are treating your customers more appropriately.” – P002  

“We segment similarly risky people together so that ratios should be the same 

across all the cohorts. For example, Cohort A, 5% liars, cohort B, 5%, cohort C, 5% 

liars. When using traditional data, there is a lot of randomness” – P001 

“You have to understand the industry in the alternative data that you are looking at 

to ensure your product’s suited.” – P011 

Participant P002 pointed out the trade off in the application of alternative data. 

The more data points, the better:  

“It’s a question of probability but it’s also a numbers game.  If you are dealing with, 

one SME, your probability is much harder to put a number to than if you're dealing 

with 100,000 SMEs with similar data that is available on an ongoing basis.” – P002 

Real-time monitoring was perceived to allow for more dynamic credit scoring 

models that are reviewed all the time:  
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"The inferences are also factoring in real life behaviour data of the collection on the 

active loans that we are able to monitor." – P011 

Participant P011 emphasised how behavioural scores derived from alternative 

data over time should give a more robust view of creditworthiness than traditional 

data: 

"Behavioural scores are generally your strongest models, they relate to how 

customers have paid you before. You only have behavioural scores if a customer 

has been a customer for a significant amount of time, all new customers would not 

have a behavioural score or repeat customers from long ago wouldn’t have the 

behavioural…" – P011 

The participants emphasised the importance of large data quantities to 

continuously feed their data warehouse and continuously revive credit models:  

“A good model is built on data and that data and the Gini will tell you whether this 

thing separates good and bad well” – P013 

Participants pointed out that it is important to test the alternative data credit 

models against the traditional models to build trust in the ecosystem: 

“Alternative data should be validated against the traditional way of doing credit. This 

way, you can show the strong correlation and predictive power of alternative data” 

– P013 

While traditional data are being used to build trust, there are some alternative 

data points that are independent of traditional data validations. This aspect was 

echoed by P004 and P001:  

“Drawing from the consumer credit market, Jumo has seemingly not found any use 

case for traditional bank data in their credit scoring capabilities for the types of 

customers they are servicing” – P004 

“The whole premise of psychometric testing is that psychometric profiling allows you 

to identify character traits like honesty.  One can argue that the predictability of 

honesty in credit scoring models is a leading indicator in the long term.” – P001  
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The higher the Gini Coefficient, the better the model is at distinguishing between 

defaulters and non-defaulters (Frunza, 2013). Bureau scores generally give a 

Gini Coefficient of 45%. Participant P011 discussed the benefit of leveraging 

psychometric scores as alternative data in SME credit assessments:  

“Psychometrics score gives a gini coefficient in the mid-30%. We have seen quite 

wide ranges, from 20% to 40%, but generally the average is about 30% in terms of 

predictability. The great thing is everybody who takes a psychometric test gets a 

psychometric score.  Under psychometric score, you also get an entrepreneurial 

score, so we can actually rate the customer’s entrepreneurial flare and taking into 

account various pieces of business acumen.  It’s like an aptitude test for running 

your business and everybody who does that test gets a score.” – P011 

The strength of alternative data in improving scoring models was discussed by 

the participants:  

“Not all businesses with a credit bureau score of 720 are the same. Traditional 

scoring model are built on historic data, and it doesn’t take into consideration a 

business’ life stage right now. Where alternative data is going to enhance models, 

is it takes a view of the business right now, it looks transaction behaviour over time, 

velocity of changes in transaction behaviour, changes in spending behaviour, 

changes in purchase behaviour, changes in web data insights on, are there more 

complaints or less complaints in the last two days. A traditional model will never pick 

this up” – P013 

“...enable small businesses that cannot be scored with traditional credit scores to 

access financing better… We essentially have built alternative credit scoring 

infrastructure that allows us to collect cash flow sources directly from multiple filters 

that SMEs use.  An example would be point of sale devices, their bank fee, mobile 

money, etc. as a core of the scoring, and then second to that is we basically also 

collect other alternative data sources which may be a bit more behavioural, so how 

they maybe interacted with credit before, social scores, how they obviously engage 

with their customers, if we do have that kind of data, and then also historical 

behaviour around their credit application behaviour, etc. and that is then, the data 

that we analyse to assess what their liquidity looks like, what their liquidity risk, 

credibility risk and default probability would essentially look like for some sort of 

credit.” – P010 
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Overall, the participants pointed out that they have observed vastly similar bad 

debt ratios between traditional and alternative data fintech players. This factor is 

important considering that alternative data have been opened to previously 

underserved and higher perceived risk SMEs. Participant P011 mentioned that 

the heterogeneity of SMEs makes it more challenging to apply credit models to 

SMEs because of business types, sizes and structures which make it difficult to 

apply a one-size-fits-all model.  

Theme 2: Data driven transformation 

The participants provided a diverse view of how fintechs are utilising alternative 

data in assessing creditworthiness of SMEs. Although, adoption of alternative 

data is transformative, it is not without its own challenges.  

The participants discussed how the transformative nature of fintechs is observed 

in their approach to credit, by challenging certain core credit principles that are 

common to conventional credit. Despite these advances, participants 

emphasised that the integration of alternative data is still in its infancy in South 

Africa.   

The participants discussed the importance of a consistent data approach in 

processing and sourcing. If the data processing and sourcing is inconsistent, it 

raises question on information asymmetry. The integration of behavioural and 

psychometric scores offers an enriched perspective on an SME’s 

creditworthiness, though these too are tied to their own sets of challenges and 

limitations. 

4.4.2.2 Incorporating subjective measures (RQ2.1) 

RQ2.1: How do fintechs incorporate subjective measures into their credit 

algorithms/models, transforming soft data into decision-making criteria?  

Participants P012 and P013 emphasised the robustness of data driven models. 

They pointed out that subjectivity is not superior to alternative data models that 

are more objective. The objectivity of these models is based on the models being 
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trained on vast amounts of data that have been validated against traditional 

models: 

“A good model is built on data and that data and the Gini will tell you whether this 

thing separates good and bad well. No person’s subjectivity is going to improve on 

what that model does for you at scale and at pace.  So, it’s never, ever, ever going 

to outperform it.” – P013  

The participants expanded on how a hybrid of traditional and alternative data 

gives a robust scoring model that requires no subjectivity: 

“With alternative data, there’s going to be a lesser need for subjectivity, because 

we’re taking historic and real time attributes into consideration immediately.” – P012  

This idea was echoed by P003 and P011: 

“Why scoring works is its objective and generally better than fully subjective views.” 

– P011 

“You always get outliers.  You need to be, the main aim is majority, 90 percent going 

through the objective assessment and the 10% that just falls outside of that you need 

subjectivity.” – P003  

Participant P008 cautioned against the inherent biases of traditional systems with 

regard to demography and location, “making things culturally relevant". It is 

important to ensure that fintechs using alternative data are vigilant in ensuring 

that their credit models do not reproduce or perpetuate existing biases. 

A thread that came through from participant P005, P006 and P007 is that 

although subjectivity should not be the default, there are certain things that the 

data do not capture fully such as the operator risk and the structure of the loan:  

“If I’m looking only at alternative data, I would not be able to know that your business 

seeks to expand” – P005 

“You visit the site, see how they operate, ivory tower operation or lean operation.” – 

P007  

“...with alternative data only, you won’t have the possibility to assess a three-year 

loan.” – P006  
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Theme 3: Objective-subjective relationship     

This emergent theme from the interview findings delved into the ways in which 

fintechs oscillate between the objectivity afforded by data-driven models and the 

nuanced role that subjectivity continues to play in the credit assessment process. 

Participants emphasised the superiority of objective data-driven decision making 

for reliability and scale. There was an acknowledgment of the potential biases 

associated with traditional systems. The participants noted the need for fintechs 

to be vigilant, ensuring their models do not replicate or exacerbate existing 

biases. Despite the emphasis on objectivity, there was a consensus that a degree 

of subjectivity remains essential. Certain aspects, like operator risk and loan 

structure, are not fully captured by data alone. 

4.4.2.3 Information asymmetry (RQ2.2 and RQ2.3) 

RQ2.2: What data points do fintechs depend on as indicators of SMEs’ 

future sustainability?  

RQ2.3: What kinds of alternative data are fintechs utilising to limit issues of 

information asymmetry in the credit assessment process?   

Adverse selection 

According to the participants, with alternative data the assessment becomes 

more objective that subjective: 

“So, there will never be a lemon market because… [of] cohort management…A lot 

of the lemon problem is you not telling me stuff about stuff that I should know in 

order to make credit decisions, and given that that is the case, and I can't fix it, I'm 

going to ignore that stuff.  So, I'm not even going to ask you to tell me the stuff that 

I should know because I know you're going to lie to me if you're a bad actor so I'm 

not going to ask you.  So, I'm going to treat everybody the same and not ask them.” 

– P001 

Participant P001 opted for equality of information in credit assessments, steering 

clear of potentially untruthful information self-reported by SMEs that could 

negatively impact lending decisions. 
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The participants highlighted a pertinent issue between banks and fintech lenders 

as far as information asymmetry is concerned. Although banks have access to 

cheaper funding, they do not have the appetite to lend to smaller SMEs that are 

data thin, while fintech lenders have the capability to address these funding 

challenges albeit at a higher funding cost.  

“The banks have access to cheap money and the problem with a lot of fintech 

models is that, yes, they work but not at the price points that they're able to access 

money at. So, the cost of getting money for a fintech who isn’t a deposit-taking 

institution is very expensive.” – P001 

The participants discussed the fact that when access to funding is expensive, 

borrowers who are more likely to default are the ones inclined to take out 

expensive funding products. Alternative data and its integration in credit 

assessment enables fintech lenders to become efficient in accessing 

comprehensive data to enhance their credit assessment and limit adverse 

selection.  

“I think the other one, going back, to your introductory point about lemons and 

selection bias, is that if your cost to serve is so low you now change that anti-

selection payoff dramatically.” – P002 

The participants emphasised that in using alternative data, the importance of 

obtaining consent from consumers and small businesses is critical to the success 

of these fintech models.  

“You're never going to be able to build a score to present to a credit provider like 

yourself if I don't have the consent of the consumer to use the data or the small 

business, and similarly, we can have consent of them and build great models, but 

you don't want to use it, and we don't bring two parties together.” – P012 

The above statement suggests that lenders can bridge the information gap by 

sourcing alternative data from sources that generate this SME data.  

The participants pointed out that there is a reluctance by fintech lenders to share 

data which leads to continued adverse selection. 
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“We know there’s a need to create this data, we also know it’s not going to be easy 

to convince Retail Capital, the telcos, FinFind and all of them to pull their data, 

they're all going to go, never ever, I invested millions in building this up, I'm sharing 

it with nobody, and we know it’s going to be difficult.” – P012 

“They [fintech lenders] are creating information.  They live on information 

asymmetry.” – P007 

Theme 4: Mitigating asymmetry   

This emergent theme was covered by the following codes from the interviews – 

adverse selection, creditworthiness, and credit assessment.  

Overall, participants affirmed that lender visibility increases significantly when 

using alternative data which consequently reduces the issue of adverse selection. 

The move away from relying primarily on self-reported data has mitigated the risk 

of “lemons” which ensures a more informed and increasingly visible assessment 

of SMEs’ creditworthiness. Some participants attributed the ability of fintechs to 

go deeper in their lending segments, to more efficient data utilisation. In the 

absence of efficiencies, thin file segments will remain underserved by fintechs. 

The synergy between businesses that generate SME data (e.g. payment 

acquiring aggregators, payment gateways and telcos) with alternative data 

fintech lenders was emphasised, showing the necessity of collaboration for 

comprehensive credit assessments. 

Signalling  

Participant P007 recognised that with alternative data, there was less reliance on 

information that was self-reported by the SMEs.  

“We do use cash flow data but it’s self-reported cash flow data, so we weight it not 

as highly but even that we benchmark against what we know to be more generalised 

data” – P007 

The challenges of self-reported information were discussed by another 

participant:  
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“Is there ever a role for human response? No. Because we can even do a lie detector 

tests... Anytime I rely on [SMEs] to tell me stuff, if you're really good at it, even I put 

[SMEs managements or owners] on a lie detector and say you have to tell me the 

truth, they can beat it. So, we don't have any mechanism whereby we can ascertain 

that one is absolutely telling the truth.  Why?  Because there is no truth with human 

beings.  Human beings make up their own truth, that’s the nature of their brain.” – 

P001 

The participants highlighted the fact that alternative data can be used to look at 

signals such as entrepreneurship and business context signals: 

“Some [alternative data] is more predictive than others but by and large what you're 

looking for is successful entrepreneurship.” – P001 

“With alternative data you get information about the company which the company 

cannot provide through traditional means” – P007 

“I think you can draw a lot of other indicators [analysing a retail business], like 

location and foot floor around the location, rather than purely from your bank account 

statement, especially when you know it’s a high cash flow area.” – P005 

This idea was echoed by P003.  

P011 pointed out that the positive signals for creditworthiness can be observed 

from SMEs that have a good history of credit interaction:  

"...also collect[ing] other alternative data sources which may be a bit more 

behavioural, so how they maybe interacted with credit before..." – P011 

"...historical behaviour around their credit application behaviour..." – P011 

P011 further asserted that an absence of a behavioural score for new and 

dormant customers shows a lack of information which signals higher risk in 

assessing business creditworthiness.  

P010 suggested that personal credit profiles of the owners of SMEs still provide 

a valuable data point in scoring the business:  

“A lot of alternative lenders still consider the personal credit profiles of the owner as 

a way to score these unscorable SMEs or informal SMEs.” – P010 
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Fintech lenders look for indicators in alternative data that signal the SMEs future 

trajectory.  

“Using non-traditional data, you can have a view of the SME’s business through a 

digital funnel, how many of your transactions are dodgy, anomalous, outliers?  It’s 

always about statistics and what normal looks like and where you sit in terms of 

normal.  The last one was, have you managed to get a bank account?  Because it’s 

hard to lie to the banking system because they've got so much regulation and so 

much governance that they do a really good job of KYC.” – P001  

"I think [with alternative data] you can draw a lot of other indicators, like location and 

foot floor around the location, rather than purely from your bank account statement." 

– P005 

Participants P012 and P013 both argued that businesses may not consciously 

realise that by maintaining a positive online presence, responding to customer 

complaints effectively, or regularly updating their website, are signalling 

characteristics of the health of a business. P012 articulated his views as follows:  

“The simple fact of some of those things exist is already a positive, the fact that the 

company has gone to the effort of actually setting up a website, ability to, in some 

companies, to order products on that website, even though it’s very low level, the 

fact that they've gone through that effort and made that investment is already an 

indication of the chances more likely this company will stay in business for longer.  

A company that’s got a website and a Facebook page, because the company only 

advertises via Facebook, the one with both, again, the chance is more like that 

company is more professional, it’s likely to be longer in business.  So those are the 

types of things we’re looking at.  On Hellopeter it’s more a case of what are the 

positive versus the negative comments from their customers, because, again, very 

logically the more complaints there are against your business the more likely it is 

that that business is not going to make it, especially small businesses.” – P012 

Understanding a borrower's willingness to pay is a fundamental aspect of credit 

assessment, which is why traditional credit providers foster relationships with 

SMEs to gauge this metric. However, when leveraging alternative data, this 

willingness to pay is derived through the unique data collection mechanisms: 
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“By virtue of not asking you to pay me back, by asking your provider to pay me back 

rather than you, we took the honesty [willingness] equation out of it totally.” – P001 

“I think there is no logic behind it [relationships between borrower and lender], they 

[traditional banks] are just stuck with, that’s now how we lend to commercial … you 

have to look at their accounts [alternative data] and we have to know the business 

and it’s a mindset.” – P002 

“We then infer the probability of them paying back, and so we took the approach of 

analysing their transaction behaviour and identify high risk things that could prevent 

collection.  So, as a SME you're doing high withdrawals and gambling or, you know, 

those kinds of high-risk activities, we would weigh the behaviour as either good or 

bad and that then determines the collection power.” – P010 

Participant P003 also stated that a business’s willingness to pay is higher for an 

SME than that of a consumer.  

It is of interest that several participants highlighted social signalling. This 

approach predicts an SME's creditworthiness by examining the owner's social 

circle:  

"The biggest characteristics that I found for successful payment of debt was your 

friends successfully paying debt. So, there’s an old saying, birds of a feather flock 

together, and the people you hang around with are incredibly predictive of your own 

credit behaviour." – P001  

“I will categorically prove to you that your friends on Facebook and their behaviour 

is a direct correlation to you.  We've proven it.  We've proven it with the data.  From 

a regulatory perspective we’re not allowed to use it, we’re not allowed to use it as a 

scoring mechanism, so you can't, but I can categorically prove to you that there’s a 

strong correlation between your credit behaviour and your friends’ credit behaviour, 

the people that you associate with.” – P012  

 P013 expressed similar sentiments. 

The mindset shift of scoring a commercial life is something that was highlighted 

by the participants as a signalling consideration: 
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“if it’s a business the theory is, its their livelihood. The purpose of the loan is for 

something material, to keep their livelihood going, not a consumer lending, it’s not 

consumption” – P002  

Although most fintechs that use alternative data do not take collateral, they admit 

that the value of property ownership or a long-term rental is a strong signalling 

tool as discussed by P001. 

The value of a having a bank account tended to legitimise a business according 

to some participants:   

“The last one was [a bank account]?  Because it’s hard to lie to the banking system 

because they've got so much regulation and so much governance that they actually 

do a really good job of KYC.” – P001 

Theme 5: Signalling creditworthiness  

This emergent theme was covered by the following codes from the interviews – 

adverse selection, creditworthiness, screening and signalling. From the co-

occurrence of the codes within this theme, it was possible to see a strong link 

between signalling and screening. There were 101 quotations from the 

participants that spoke directly to signalling.  

In general, capacity and willingness to pay are critical tenets of a robust credit 

assessment criteria. Lenders ultimately look for signals that demonstrate 

trustworthiness and creditworthiness. The participants were all aligned on the 

unreliability of relying on self-reported data provided by the SMEs. They only 

reveal the parts that make lending to them attractive. The participants 

emphasised that an objective truth is what makes alternative data assessment 

distinct. It allows fintechs to group lenders into cohorts that have similar 

characteristics with them making it easier to identify anomalies in an SME’s data 

profile. The innovation around signalling for SMEs in credit assessment extends 

to social signals (social media analysis) and operational signals (customer 

feedback and online presence).  
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Screening  

Participant P011 highlighted the heterogeneity of SMEs and the various factors 

that must be taken into consideration in analysing them: 

“SME are heterogeneous, there are many different factors affecting small, medium 

enterprise loans, and we start with proprietor, the risk of the proprietor, then you go 

to the risk of the business itself, then you go to the risk of the industry and then 

potentially the geographic risk as well, so all of those can have a part. Then you go 

to the affordability and then you also go to the loan amount as well.” – P011 

P012 and P013 made it clear that credit screening of SMEs is not limited to 

financial data, and emphasised the predictive value of web data. As P013 put it: 

"We are scraping web data, so internet data on businesses. The data is not financial 

data, it is data such as do they have a website, do they have a Facebook page, how 

many complaints are there on Hellopeter on this business, how many kudos are 

there on Hellopeter, are there any press releases or press clippings on this 

company, has that press release been positive or negative, as an example, and 

seeing what the predictive value is of that data.” – P013 

A lack of collateral, poor information transparency and limited financial 

information are significant factors contributing to the low approval rates of credit 

to SMEs from banks (Abbasi et al., 2021; Angilella & Mazzù, 2015; Asah et al., 

2020; Mbedzi & Simatele, 2020; Sheng, 2021). SMEs need to provide lots of 

documentation to access credit. Participant P001 mentioned: 

“Although you can't go and get a bureau score for a guy selling cigarettes on the 

side of the road but one can definitely credit score him and present him with a facility, 

and why should he be excluded from the credit landscape purely because he doesn’t 

have an income statement or a balance sheet? …At the end of the day I'm scoring 

his commercial life.” – P001 

Alternative data in the hands of fintechs have enabled lenders to assess and filter 

SME borrowers through an expanded range of data. By analysing patterns 

among similar customers or businesses, lenders have discriminatory power:   
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“They [SMEs] do leave breadcrumbs, they leave data trails, just not traditional ones.” 

– P001  

"The likelihood of someone coming in with a similar profile, similar [input], etc. is 

likely to behave similar to that kind of customer." – P011 

“Anything that you can show that will add depth to your discriminatory power is got 

to be looked on...” – P002 

The participant suggested that alternative data provides a more granular view of 

the SME borrowers which improves screening capabilities:  

“We've never found a need for the Sharpe ratio or the macroeconomic stuff, because 

the closer you get to the person generating the data, the less you need those 

upstream proxies.” – P001 

“We benchmark against what we know to be more generalised data, like domain 

knowledge of the space, so a lot of things outside of cash flows, we looked at 

behaviour, intentions, volitions of traders, ambition, relationships.” – P007 

This granular view, as other participants have highlighted, requires proactive 

gathering of information to reduce information asymmetry and improve screening 

as discussed by P011 and P010:  

"We essentially have built alternative credit scoring infrastructure that allows us to 

collect cash flow sources directly from multiple filters that SMEs use. An example 

would be point of sale devices, their bank fee, mobile money, etc. as a core of the 

scoring..." – P011 

"...the data that we analyse to assess what their liquidity looks like, what their liquidity 

risk, credibility risk and default probability would essentially look like for some sort 

of credit." – P011 

“When you are relying on multiple sources the chances of all them being incorrect 

is lower than when you're relying on a single source” – P010  

In the absence of a formal profile created by government or credit bureaus, 

lenders often resort to analysing the individual financial profiles of business 

owners. As one participant stated:  
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"Because they're not able to get a profile of an SME or a sole proprietor, they 

[lenders] would basically traditionally score the owner of the business...you can't 

really separate the finances of the business from you as an individual". – P010 

“…SACCRA has tried to have [SME lenders] to start sharing business information, I 

think the project kicked off…in 2013. It’s been ten years in the making, nothing has 

happened”. – P013 

This situation necessitates the examination of the individual's bank statements 

and financial activities. 

In conventional credit, only certain deal sizes can be executed due to the 

diminishing returns from seeking additional documentation, rendering thin file 

businesses unprofitable. Participant P002 and P004 emphasised that with 

alternative data, if they are readily and easily accessible, you should persist in 

seeking them: 

“Of course, there’s always a trade-off between the difficulty and the cost associated 

with gathering the data to the benefit… If that data is readily available and easily 

available and cheap then it would warrant the analysis, it’s almost certain to provide 

some additional insight” – P002 

“Ability to use alternative data to risk score a customer, just by lowering the size of 

the loan actually improved the probability that the customer would pay back.” – P004 

Alternative data are typically provided more frequently than traditional data, which 

has enhanced fraud screening mechanisms for fintech lenders. They can observe 

an extended track record of these data, thereby reducing the risk of manipulated 

information. While this scenario is true for various data points, Participant P001 

made the following observation specifically in the context of transactional level 

data: 

“They've [fraudsters] now got to actually set up a bank account and simulate activity 

for 180 to 360 days before they can even start to get credit.  That makes it a lot more 

difficult than just filling in a paper form with some dodgy details that can't be checked 

anyway.” – P001  
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Participant P006 maintained how important it is in screening to have data verified 

by multiple sources.  

Participants P001 and P002 mentioned consistency of observed data as crucial 

in screening to assess financial health and stability: 

“Your turnovers were not going down too badly, so if we saw significant decreases 

in turnover, we assume that you are lying to us on the basis of you'd come to us for 

a credit application.” – P001 

“[alternative data enables] there’s no doubt that ongoing scoring, if you like to call it 

that, but an ongoing calibration of the probability of the customer paying on time and 

according to expectations is possible.” – P002 

The use of alternative data has resulted in the reduction in the cost to acquire, 

cost to make credit decisions, ongoing monitoring and lowered the operating 

costs for the lenders thereby giving fintech borrowers the ability to scale and 

serve a wide array of businesses.  

“I think that [alternative data] is truly transformational is this ability to reach millions 

of people at close to zero cost” – P004 

“We've scored everything from cigarette sellers on the side of the road using an 

MPOS device to build up a track record as a business, all the way through to 

optometrists putting prescriptions through their software every day to again build up 

a profile on that business and offer them money using that data.” – P001  

The supplementary relationship between traditional and alternative data was 

addressed by certain participants:  

“Lend our own money and then credit scores become a column rather than the yes 

or no” – P008 

Participants acknowledged that the use of alternative data, while beneficial, has 

certain limitations regarding the types of credit it can effectively screen:  

“Of course, that would be true, once you get into larger advances and more secured 

advances and all those sorts of things, there’s just more that needs to be done in 

order to make bigger advances, and if you're taking security then there’s a whole 
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different arrangement.  But for short term, unsecured lending, I don't see the 

difference.” – P002 

This idea was echoed by participant P007. 

An approach that combines alternative data and other credit scoring models is 

valuable. Participants discussed screening:   

“…The great thing is everybody who takes a psychometric test gets a psychometric 

score.  Under psychometric score, you also get an entrepreneurial score, so we can 

actually rate the customer’s entrepreneurial flare and taking into account various 

pieces of business acumen.  It’s like an aptitude test for running your business and 

everybody who does that test gets a score.” – P011 

“…particularly around margin calls, so those are the sort of middle ground where 

close to the cut off. You could add this extra level of insight and push it over the line, 

one way or another, and we’ll therefore accept or decline the person based on the 

margin call we’re making with the psychometric test.” – P011 

Theme 6: Screening enhancement 

The responses to interview questions in section 4.4.2.4 revealed the diverse roles 

that alternative data play in screening SMEs. The emergent theme is enhanced 

screen capabilities through alternative data integration. Alternative data offers a 

comprehensive approach that has shifted the limitations of traditional financial 

data, enabling a more informed and holistic screening of SMEs’ creditworthiness. 

Real-time and granular data attributes offer a robust foundation for objective 

credit decisions, reducing reliance on subjective judgments.  

4.5 Summary of findings  

Table 6 below is included for ease of reference and aligns the emergent themes 

with the research questions that form the core of this research report. The themes 

have been identified from interviewing 13 participants and analysing the 

transcripts and video recordings.  

The overarching commentary from the participants is that there is definite value 

in using alternative data to provide credit access for SMEs. The differences in 
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insights drawn from the participants is the role alternative data play in conjunction 

with traditional data points.  

Table 8: Research questions and Theme alignment  

Emergent Theme  
Alignment to Research 
Questions  

Theme 1: Fintech Innovation  RQ1 & RQ1.1 & RQ1.2 

Theme 2: Data driven transformation   RQ2 

Theme 3: Objective-Subjective Relationship  RQ2 & RQ2.1 

Theme 4: Mitigating Asymmetry  RQ2 & RQ2.2 & RQ2.3 

Theme 5: Signalling Creditworthiness  RQ2 & RQ2.2 & RQ2.3 

Theme 6: Screening Enhancement RQ2 & RQ2.2 & RQ2.3 

 

The next chapter fleshes out the findings within the context of the literature on 

the topic. 
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CHAPTER 5. DISCUSSION OF FINDINGS 

5.1 Introduction 

This chapter presents a discussion on the findings of the study, as outlined in 

Chapter 4. The primary research questions that this research report sought to 

answer were: RQ1: How are fintechs transforming the SME credit landscape in 

South Africa by using alternative data? and RQ2: How are fintech lenders 

addressing information asymmetry in credit assessment for SMEs in South 

Africa?  

The study was structured to cover analysis between the emergent themes from 

the participant interviews and the theoretical insights from the literature review. 

The report clearly shows the alignment and points of divergence between the 

study’s empirical results and the existing literature.   

A notable observation emerging from the analysis is the role of alternative data 

in enhancing credit access for SMEs. The participants' feedback revealed 

parallels with traditional credit assessment methods, yet with distinctive nuances 

in the application of alternative data. This chapter explores how the core 

principles of credit assessment are maintained, albeit executed differently when 

alternative data are incorporated. 

Moreover, the discussion highlights the complementary nature of alternative data 

as emphasised by the majority of the participants. This aspect resonates strongly 

with the perspectives presented in the literature review, suggesting a synergistic 

relationship between traditional and data-driven credit assessment approaches. 

5.2 Revisiting the demographic profile of participants  

While the detailed demographic profiles of the participants were comprehensively 

presented in Chapter 4 (Table 4), it is important to briefly revisit these 

demographics in order to provide context to the discussion of the findings. This 

section does not repeat the information but rather focuses on how the 
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demographics of the participants may have influenced the research outcomes 

and the interpretation of these outcomes. 

The predominance of senior executives (62%) and founders (38%) in the sample 

provides a strategic-level perspective on the adoption and implications of 

alternative data in credit systems. The participants also enjoyed significant 

experience (average of 18 years) in working with alternative data across different 

industries, and not limited to credit, which is crucial. More importantly, all current 

projects the participants are working on have a focus on SMEs. This depth of 

experience offered valuable insights into the practical application of alternative 

data in credit assessment, particularly for SMEs.  

The representation across fintech lenders, credit bureaus, data generating 

businesses (from servicing SMEs), and consultancy roles allowed for a holistic 

understanding of the alternative data landscape. Each participant brought unique 

viewpoints on how alternative data are used and perceived in the credit 

assessment process. Fintech lenders provide insights into the practical 

challenges and opportunities of utilising alternative data from a lending 

perspective, highlighting innovative approaches to credit assessment. Credit 

bureaus shed light on the evolution of credit scoring models, emphasising the 

incorporation of alternative data and the lessons learned through this process. 

Data generating businesses offer a unique viewpoint on the willingness and 

challenges associated with sharing data with fintech lenders. This emphasises 

the importance of data sharing within the SME ecosystem and its impact on 

reducing information asymmetry. Lastly, consultants bridge the gap between 

traditional and alternative markets, offering a broader industry perspective that 

combines regulatory, technological, and market trends.  

The participants' experience was across geographies, particularly Africa and 

Europe and this diverse industry backgrounds offered insights into how South 

Africa uses alternative data in credit assessment.  This consolidation of views 

ensures a well-rounded examination of how alternative data is reshaping credit 

provision to SMEs.  
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5.3 Discussion pertaining to proposition 1 

Proposition 1 stated that alternative data are used by Fintechs to effectively 

augment SME credit analysis where there are gaps in the traditional data points. 

Theme 1: Fintech innovation 

Based on the findings from the study, alternative data represent a comprehensive 

and diverse range of non-traditional information sources. This type of data 

augments traditional credit assessment methods by providing additional insights 

and bridging gaps where traditional data sources lack full visibility. Beaumont et 

al. (2022) found that alternative data have enabled fintechs to offer SMEs real 

time digital underwriting and increase the propensity of SMEs to be funded. The 

participants in the study highlighted the fact that while non-traditional data 

sources have always existed, there have been technological advancements in 

data capture. This evolution in data capture has made SMEs have a digital 

footprint that can be leveraged in credit assessments. From the literature studied 

while doing this research, Sheng (2021) confirms that there has been an 

advancement in data collection to be more proactive and efficient.  

The study confirmed that fintechs are incorporating alternative data in their credit 

processes to reach underserved SMEs and address the scarcity of funding. This 

practice involves formalising informal business through credit provision and 

developing products that recognise the heterogeneous nature of SMEs and offer 

tailored funding solutions. In his paper, Stiglitz (2000) stresses that credit lenders 

should reach a state where they can identify borrower risk with greater certainty 

instead of treating all borrowers the same, which is exactly what alternative data 

provide to fintech lenders. A recurring theme globally is talk of embedded finance. 

From the study, the participants acknowledged that big data and the need for 

personalisation is driving the change currently seen in credit. This change is in 

line with the findings by Yan et al. (2015) that big data have reduced information 

asymmetry with search costs for credit and the collection of business specific 

data becoming less costly.  
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Another point that comes through strongly in the study is the value of 

partnerships. There are many businesses in the SME ecosystem and all playing 

different roles. In order to effectively service SMEs, fintechs are forming 

synergistic partnerships to have more comprehensive insights into SMEs and 

deliver the funding at the point of need. An example of such partnerships is fintech 

lenders (balance sheet providers) partnering with point-of-sale providers (data 

and distribution providers). The study found that such partnerships result in a 

more nuanced understanding of each business, leading to more informed credit 

decisions and ultimately, enhanced credit assessment processes. The literature 

reviewed was silent on the value of partnership; however there was an 

acknowledgment by Zou et al. (2020) that SMEs interact with different business 

for specific reasons and there is a lack of knowledge among SMEs and 

corporates that the data they generate can be used for credit decisions.   

Innovation is also addressing the concept of trust in the SME credit market. The 

study found that trust is low between traditional lenders and SMEs. This finding 

is consistent with the finding of the Oecd (2020a) that SMEs generally do not 

prefer to borrow from traditional financial institutions. However, with an 

aggregation of information into big data; and using that alternative data for credit 

decisions, lending transitions from pull credit (customer initiated) to push credit 

(lender initiated). In the context of SME lending, the push model is particularly 

transformative. Yan et al. (2015) found that alternative data have enabled lenders 

to be proactive in their credit assessment instead of reactive. They allow for 

greater financial inclusion by enabling access to credit for businesses that might 

not qualify through traditional methods or lack the resources to navigate the 

conventional application process. 

The findings on collections protocols play a crucial role. The methods are 

important in as far as demonstrating the robustness and credibility of the 

alternative data. Fintechs are obtaining the alternative data through channels 

other than the SMEs themselves, which builds trust and ensures the accuracy 

and reliability of the data. The use of APIs and machine learning was found by 

Jagtiani and Lemieux (2019); Sheng (2021) to improve the availability and 

accuracy of the information. The study found that understanding the source and 
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collection method of data is crucial for fintechs looking to use data to place their 

balance sheets at risk.  

The study found that the real-time nature of alternative data provides an edge 

over traditional data, which often becomes outdated quickly. This timely data 

allows fintechs to respond more dynamically to SMEs' funding needs. This finding 

is consistent with the findings from Agarwal et al. (2020). Importantly, this 

particular study found that the same data points can be used by different fintechs 

to offer different products. There has been no evidence from the literature that 

different data points are being leveraged for different credit products.  

Although the innovation has been there, it appears that adoption by fintechs has 

so far been limited to working capital solutions. None of the participants 

interviewed could give examples of longer-term financing uses for SMEs from 

alternative data. There was also no evidence from the literature on solely using 

alternative data for longer term financing. Traditional scoring models seem to be 

more stable in assessing longer term credit needs for SMEs. From the literature, 

Chavis et al. (2011) suggested that alternative data financing is more suited for 

younger firms. This statement is inconsistent with the findings of this study.  

The participants in the study highlighted the pivotal role of alternative data in 

augmenting traditional data in credit analysis. This trend is not confined to 

fintechs alone; traditional businesses, such as FMCGs, are also increasingly 

incorporating alternative data into their credit decision-making processes which 

came as a surprise from the findings. The literature reviewed illustrates that 

traditional lenders are restricted to leveraging only traditional data such as 

financial statements and relying on existing credit relationships with other 

financial institutions and collateral (Aleem, 1990). There is insufficient evidence 

found in the literature on traditional banks leveraging both alternative data and 

traditional data. However, the literature covers how fintechs have made a shift 

from predominantly soft information to hard data-driven approaches (Fasano & 

Cappa, 2022).  

On the face of it, the study findings were divided on whether alternative data 

represent a complement or substitute. While some participants’ first inclination 
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was for alternative data to be viewed as a substitute, particularly in contexts 

where traditional data are insufficient or unreliable, others saw it as a 

complement. This finding is confirmed by a recent study conducted by the 

International Finance Corporation (2021) which demonstrated that traditional 

credit assessment can be complemented with alternative data to promote access 

to credit. The participants that were in favour of substitution argued that 

alternative data offer robust insights, especially in short term lending and small 

ticket values. There was nothing found in the literature that contradicted this 

finding.  They further argued that the credibility of alternative data in credit was 

derived from the fact that the data used in the underwriting would have been 

collected from different sources. There was an observable strong bias in that all 

of the participants that held this viewpoint were in short-term credit lending or 

scoring using alternative data.  

Proponents of a complementary view believed that alternative data must and 

should be integrated with traditional data. They pointed out that in cases of larger 

loans and longer tenor, a hybrid of both data types provides a more 

comprehensive and accurate assessment of creditworthiness. This perspective 

was reinforced by concerns around regulatory constraints and lack of market 

readiness. The literature reviewed was clear on the need to regulate the 

incorporation of alternative data within the bureau environment to achieve the 

hybrid model (International Finance Corporation, 2021). On probing the 

participants further, there was consensus that alternative data are 

complementary. This consensus was based on tenure, the selection of a primary 

decision-making model supplemented by alternative data and a hybrid approach 

for borderline calls. There was no evidence found in the literature reviewed that 

pointed to the assessment for alternative data as a complement or substitute to 

include considerations such as tenure or size of loans.  

Theme 2: Data-driven transformation  

The application of alternative data has resulted in paradigm shifts in the credit 

assessment process. The International Finance Corporation (2021, p. 15) aptly 

puts it, “For many banks that are still struggling to serve South Africans in an 

impactful (as well as profitable) manner, the newfound ability to unlock alternative 
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data securely and efficiently can be nothing short of transformative”. In further 

explorations of the literature, Jagtiani and Lemieux (2019) argue that alternative 

data in credit assessment paints a fuller and more accurate picture of financial 

lives and creditworthiness.  

A key distinction coming from the study is the differing mindsets of fintechs versus 

traditional lenders, particularly in their approaches to credit assessment using 

alternative data. The data suggest that fintechs adopt a unique perspective in 

engaging with their client base – which is the belief that SMEs seeking credit from 

fintechs are inherently good actors. This viewpoint is supported by Fasano and 

Cappa (2022) who concluded that fintechs have a strong impact on the traditional 

providers of financial services, as they change the way interactions with 

customers occur and consequently what information is gathered. Traditional 

providers have a more cautious stance to credit underwriting. The approach by 

traditional providers is confirmed by the International Finance Corporation (2018) 

which concluded that traditional institutions have typically perceived SMEs as 

risky or expensive to serve.   

The study found that the real time nature of alternative data is transformative on 

credit markets. Individual credit scores, even if the same, may not fully reflect 

each SME’s financial behaviour. This finding is consistent with the findings by 

Crouhy et al. (2000) who argued that the common assumption is that businesses 

with the same rating class have the same default probabilities. This aspect is 

precisely where the value of alternative data has been transformative in 

complementing traditional bureau data as found in the study. Real time nature of 

alternative data provides most recent transaction behaviour over time, velocity of 

changes in transaction behaviour, changes in spending behaviour, changes in 

purchase behaviour, changes in web data insights on, and whether there are 

more complaints or less complaints in the last two days. This value cannot be 

captured by bureau or traditional data points which are updated in a discrete 

fashion (Crouhy et al., 2000).  

The study found that the default in the market for model acceptance is for an 

alternative data model to be validated against a traditional model. In a similar 

paper by Zou et al. (2020), the authors conducted head-to-head comparisons 
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between traditional data and corresponding alternative data in assessing whether 

alternative data were useful in credit evaluation and fraud detection. As stated by 

the authors, the traditional data provided the largest sub-sample of observations 

with no missing values in order to maximise the power and external validity of the 

test. This finding emphasises the importance of validation against existing models 

to build trust.  

An important metric used in credit to distinguish defaulters from non-defaulters is 

the Gini Coefficient. Frunza (2013) states that the Gini Coefficient is used for 

measuring the discriminative power of a credit model. Credit bureau data have a 

high Gini Coefficient of 45%. However, as confirmed by the study, and in line with 

findings in literature, information from bureaus is patchy on SMEs. Where 

information is available, it is generally associated with the individual owner and 

not the business entity (International Finance Corporation, 2021). The study 

observed that the effectiveness of alternative data is improving the Gini 

Coefficient which validates the model reliability. The progression to behavioural 

scoring over time makes the credit underwriting process more transformative. 

The data from the behavioural scores become a data point that is fed into the 

data warehouse and used to revive the credit models.  

The findings of this study further revealed that there are some segments of the 

market that remain underserved due to high servicing costs for traditional lenders. 

As confirmed in the literature, the natural inclination for traditional lenders is to 

access financial statements and if that information is not available, it becomes 

prohibitively high for banks to seek more information (Lehmann & Neuberger, 

2001). This is a gap in the credit markets that is now being filled by alternative 

data.  Example of such segments include servicing of sole proprietary 

businesses.  

The study’s findings based on participant insights, that could not be verified 

quantitatively as they were beyond the scope of this study, suggest that the bad 

debt ratios for fintech lenders using alternative data is similar to the levels 

observed through traditional underwriting, although with a more seamless 

underwriting process. There was no evidence found in the reviewed literature to 

support this observation, making it a potential topic for future research studies.  



 
100 

5.4 Discussion pertaining to proposition 2 

Proposition 2 stated that alternative data allow fintechs to depend on hard 

information derived from alternative data sources to make informed credit 

decisions.  

Theme 3: Objective-subjective relationship  

Based on the findings of the study, there is a strong reliance on objective, data 

driven credit models. The findings indicate that objective models will consistently 

outperform subjective models. From the literature, McEvoy (2014) found that 

credit assessment was often subjective, time consuming and expensive. 

Traditional banks rely on the SME’s banking relationships. OECD (2015) in its 

report states that bank lending relies on relationship gathered through direct 

interaction with SMEs. As discussed under Theme 2, the application of alternative 

data has resulted in paradigm shifts in the credit assessment process, which is 

another example of this shift to less reliance on banking relationships.  

The study further acknowledges that the topic of subjectivity has its nuances, 

positive and negative. While alternative data in credit assessment offer the 

advantage of anonymity, they do not completely eliminate inherent structural 

biases. The challenge lies in distinguishing between overt and covert biases. 

While alternative data effectively address overt biases (e.g. demographic biases), 

covert biases may still persist if they are structural (e.g. geographic and cultural 

biases). The literature reviewed supports this perspective, while it may not be 

possible to completely eliminate bias, the use of alternative data has the potential 

to reduce discrimination (Ryan, 2020). 

The study found that relying only on alternative data does present trade-offs. This 

finding did not feature in any of the existing literature studied. The study found 

that alternative data do not fully capture operator risk and the structure of the 

loan. This finding explains why most products in the market that rely on alternative 

data are regarded as vanilla in as far as product construct goes.  
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The findings under this theme speak directly to the themes already covered 

above, namely, that a hybrid model that integrates both alternative and traditional 

data is the most effective approach to credit assessment. 

Theme 4: Mitigating asymmetry 

The findings of the study indicate that self-reported data by SMEs is likely to 

impact the credit assessment models negatively. This idea is the concept of 

dishonesty as covered by Akerlof (1970). The author states that the cost of 

dishonesty lies not only in the amount by which the purchaser (in this case 

borrower) is cheated; the cost also must include the loss incurred from driving 

legitimate business out of existence.  

The study findings highlight the fact that self-reported data are likely to be tainted 

by misinformation from the SMEs, if they believe the information that they might 

share would have an adverse effect on the status of their applications. The focus 

is to proactively collect hard data. This notion is consistent with the findings from 

Yan et al. (2015) that proactively gathered alternative data are more objective 

and cannot be easily manipulated. This supposition is further supported by Sheng 

(2021) who argues that hard information can be relied on to offer credit to SMEs. 

The findings indicate that for successful alternative data use cases in credit 

assessment, the data gathered should be proactive and there should be less 

reliance on asking businesses to provide any information. Furthermore, treating 

all applicants with some degree of uniformity based on the cohort they fall under 

reduces information asymmetry.  

Insights from the study highlight the fact that banks with access to cheaper 

funding lines exhibit a lower appetite for risk compared to fintech lenders. 

Traditional bank lenders have less risk appetite for SMEs with no previous dealing 

with them as confirmed by Aleem (1990) in the existing literature. While fintechs 

have high funding costs, they have a bigger appetite due to their ability to use 

alternative data in credit assessments. Consequently, fintechs often pass the 

high costs onto the SMEs. The study draws attention to the minimal price 

differentiation between good borrowers and bad borrowers, at least for the initial 

loans. With repeat loans, there is more information about a borrower’s risk profile. 
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However, as Akerlof (1970) points out, in such instances an asymmetry in 

available information has developed.  

Furthermore, the study indicates that despite SMEs being charged a premium for 

their initial loans, there is an appetite to take funding at these high interest costs 

given the convenience advantage (speed and flexibility) of accessing fintech 

funding. The study also reveals that because of the higher cost of funding, the 

riskier borrowers are inclined to approach lenders for finance. This finding further 

implies that there is a higher likelihood of fraud with alternative lenders than there 

is with traditional data. However, the proactive data collection alleviates that risk. 

In his paper, Akerlof (1970) argues that bad money drives out the good money 

until updated information is developed. There is a risk of adverse selection by the 

fintechs as their best borrowers only use them once due to high interest rates or 

the fintechs reduce the amount of credit they extend to curb risk.   

The findings suggest that successful implementation of alternative data models 

has a key dependency on customer consent. This consent is crucial for ensuring 

that from a legal perspective, all privacy regulations have been complied with and 

the data are being used ethically. The fine balance that fintechs have to navigate 

is bringing together data providers in a way that does not compromise the data 

subjects. In the literature reviewed, Jagtiani and Lemieux (2019) acknowledged 

the importance of borrower consent when processing private information.  

The study found that the challenges of information asymmetry persist as the 

commercial advantages of each fintech lender trump the need to improve the 

system holistically. There has been slow progress made by the fintechs on 

sharing positive or negative data. As discussed in the paper by Akerlof (1970), in 

a market such as this one it becomes harder for lenders to discern good 

borrowers from bad. This situation is precisely what alternative data seek to 

bridge, namely, the ability to more accurately assess a borrower’s credit 

worthiness in a market that suffers from information asymmetry.  

While alternative data offer fintechs the ability to make more informed decisions, 

it is clear from the findings that the challenges remain – and alternative data have 

yet to reach their potential in reducing information asymmetry. 
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Theme 5: Signalling creditworthiness 

Signalling in credit assessment is an important and pivotal concept to unpacking 

a borrower’s behaviour and creditworthiness. This concept refers to the 

observable characteristics in the alternative data that the lender can rely on to 

make an informed, yet predictive decision about an SME’s creditworthiness 

(Spence, 1973). The findings in the study suggest that there is a signalling effect 

depending on how the fintech receives the data, either directly from the SME or 

from third party sources. This process is in alignment with the discussion of 

findings under Theme 4 that self-reported data are less valuable than objective 

data (Sheng, 2021; Yan et al., 2015) 

The signals that alternative data provide are predictive of an SME’s behaviour as 

revealed in the study. These predictors include entrepreneurship success, 

historical credit behaviour, fraud risk, trade frequency, transaction analysis, 

geography and industry analysis. The findings of the study suggest that the 

multiplicity of data sources that are used to construct an SME’s digital profile, 

makes the data more reliable. It is improbable for an SME to provide data that 

would be more insightful or to game the system. The literature review supports 

the concept of big data, mining that data for anomaly detection, association 

analysis, clustering and predictive modelling for risk underwriting (Yap et al., 

2011). However, given the nascency of the alternative space in the market, there 

were no specific examples of data sources provided by the fintechs. They still 

viewed their data sources as proprietary and were not willing to share detailed 

information on all of them and how each data source completes the puzzle.   

The findings of the study suggest that there is a lack of awareness among SMEs 

regarding the signalling impacts that having a digital profile presents to them. The 

lack of awareness by SMEs may impact their creditworthiness as they do not 

understand the importance of being digital and keeping an active profile. The 

study also highlights a controversial concept of social signalling, where an 

individual’s creditworthiness is assessed based on their social circle. The utility 

of such a scoring model in the SME space is still untested; however, it has been 

successfully used in consumer lending. The participants confirmed that there had 
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been quantitative proof of this utility but the incorporation of this model as a 

standard model will take time.   

The findings of the study were inconclusive with regards to the role of the 

personal credit profiles of SME owners in credit assessment. The findings 

suggest that in a market where there is information scarcity, the owners' credit 

profiles can be a valuable starting point, although this approach could be punitive 

for SMEs. The literature reviewed has arguments that support both side.  

Kozubíková et al. (2015) argue that the SME owner’s personal characteristics are 

very important in assessing the level of credit in the SME. In contrast, the 

International Finance Corporation (2021) argues that research from other 

countries indicates that personal profiles of SME owners have limited predictive 

power for business credit.  

Theme 6: Screening enhancement  

Screening costs is a key component for lenders in determining which sectors of 

the SME market to provide access to credit. When lenders decide whether to 

service a market, they consider the costs of screening the borrower (Arráiz et al., 

2021). The study found that alternative data have resulted in reduced costs for 

acquiring and processing credit applications. This finding is consistent with the 

findings by Mbedzi and Simatele (2020) as well as Sheng (2021). Fintechs can 

underwrite SMEs at speed and at scale. The reduction in the cost to screen has 

also extended down to the cost to service. Fintechs are able to provide low value 

loans due to their underwriting capabilities with big data. This ability is 

corroborated in the existing literature by Jagtiani and Lemieux (2019) who posit 

that alternative data had reduced the cost of making credit decisions and/or credit 

monitoring which has lowered the operating costs for lenders.  

From existing literature, individuals are hardly ever willing to reveal all their 

information (Rothschild & Stiglitz, 1976). Nearly five decades after the authors 

made this statement it still holds true. The findings of the study confirm that 

fintechs are proactively gathering information to reduce information asymmetry. 

Fintechs are relying on the everyday digital trails that businesses are leaving 

behind to make credit decisions. Previous studies confirmed that information 
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retrieval has shifted to a more proactive approach with technological 

improvements (Stiglitz, 2000; Yan et al., 2015).  

The study emphasises that the uninterrupted flow of observed data is critical. The 

more consistent the data are, the more reliable the screening processes would 

be in determining a business’s creditworthiness. These results are consistent with 

our earlier findings that collection protocols are important to build trust and ensure 

accuracy and reliability of data.  

The study found that outside of creating a regulatory lend framework, there is little 

willingness to innovate in a way that benefits the ecosystem at large. Incumbents 

tend to be protective of their data, which is one of the reasons that initiatives like 

credit bureau data sharing through SACCRA have failed.  

A finding that emerged from the study is that when fintechs are adopting a 

screening approach, there is a need to select a hybrid approach, which combines 

models and consequently alternative data points and traditional data. The results 

are consistent with our earlier findings.  

5.5 Conclusion 

The chapter started with a recap of the demographic profile of the participants, 

the purpose of which was to provide context to the findings and the credibility of 

the participants. The chapter analysed the findings of the study against the 

literature that was reviewed as part of this research paper. 

The study reveals clearly, and in alignment with the literature that alternative data 

augment traditional data in building credit assessment models. A hybrid approach 

is the one most likely to deliver the best result. However, the study also finds that, 

there are certain considerations such as traditional data being insufficient or 

unreliable coupled with loan tenure, size of the loan and market readiness that 

justify reliance on only alternative data.  

The value of partnerships between ecosystem players was highlighted in the 

findings. There is no one player in the ecosystem that has full visibility of the 

digital footprint generated by SMEs. The findings indicate that for successful 
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alternative data use cases in credit assessment, the data gathered should be 

proactive and there should be less reliance on asking businesses to provide any 

information. Partnerships drive an increase in trust with the data used – and over 

time they reduce signalling and screening costs. Partnerships further mitigate that 

information asymmetry that is rife in traditional credit markets. Reduced signalling 

and screening costs with increasing information availability transitions lending 

from a bad actor to a good actor proposition, and from pull credit to push credit. 

Privacy risk (POPIA) with such partnerships should be guarded.  

A further finding from the study is that the real time nature of alternative data and 

its ability to be accessible from third parties with little to zero reliance on self-

reported data, is essential. This factor increases the objectivity of the models. 

Moreover, the study found that the more data sources a fintech relies on, the 

better the model outcome and its ability to identify fraud. Although objective, the 

trade-off not captured by incorporating subjective elements is that alternative data 

will not capture operator risk and the structure of the loan. Consequently, the 

products are vanilla and do not necessarily capture the heterogeneity of SMEs, 

at least with the first loan.  
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CHAPTER 6. CONCLUSIONS AND RECOMMENDATIONS 

6.1 Introduction 

This concluding chapter of this research report integrates the findings from 

Chapter 4 and the discussion of the findings in Chapter 5 with the research 

questions outlined in Chapter 2. This research study had two primary research 

questions: (1) How are fintechs transforming the SME credit landscape in South 

Africa by using alternative data? and (2) How are fintech lenders addressing 

information asymmetry in credit assessment for SMEs in South Africa? 

Section 6.2 addresses the first research question, highlighting the benefits 

fintechs derive from the use of alternative data.  Section 6.3 unpacks the second 

research question and discusses the ways fintechs are mitigating information 

asymmetry. There are three sub-components to information asymmetry that are 

covered in this section: adverse selection, signalling costs and screening 

enhancement.  

Section 6.4 offers recommendations to various stakeholders, including business 

owners, credit professionals (in fintechs and conventional credit), CEOs, policy 

makers and future researchers. The section culminates with gaps identified in the 

study that present opportunities for future research.   

6.2 Conclusions regarding research question 1 

The research question was: How are fintechs transforming the SME credit 

landscape in South Africa by using alternative data? 

The study found that alternative data have always existed. However, with 

technological advancements, companies have become more proficient in 

capturing and recording that data. Fintechs use alternative data points to 

augment traditional credit analysis, particularly where gaps exist in traditional 

data. 
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Fintechs are playing a critical role in the South African credit landscape by 

leveraging alternative data to broaden credit access for SMEs. SMEs continue to 

struggle to obtain credit due to their thin credit files, and innovations such as those 

led by fintechs are essential. This study highlights the emerging nature of the 

fintech industry in the South African context. It reveals that fintechs are shifting 

the thinking around formalisation. Business formalisation is not just regulatory but 

includes a recognition of a business’s digital footprint as a step towards 

formalisation. 

Financial inclusivity emerged as one of the most significant achievements of 

fintechs in the SME credit landscape. By harnessing alternative data, fintechs 

have expanded their reach, even to remote markets, offering business loans 

starting as low as R500. This capability is dependent on a business having a 

digital footprint and marks a significant departure from traditional funding 

methods. Conventional lenders are constrained in serving micro and start-up 

businesses, partly due to perceived risk, geographical area constraints and the 

absence of on-the-ground relationship managers. As highlighted earlier in this 

report, traditional lenders also consider banks relationships prior to providing 

lending limits. In addition, for traditional creditors, processing smaller loan sizes 

is often prohibitively expensive.  

Another key finding in this paper is the use of headless data, which means, only 

anonymous data are being used in the credit underwriting process by fintechs. 

The implication is that financial inclusivity extends to race and gender. This 

approach addresses one of the enduring debates in the realm of credit – the 

disparity in approval rates between male and female applicants. The study 

suggests that alternative data may play a role in mitigating such disparities. The 

study reveals that alternative data mitigate these differences. However, this area 

warrants further research, comparing approval rates when using alternative data 

between females and males versus conventional data sources. Such research 

could provide meaningful insights into the effectiveness of alternative data in 

creating a non-discriminatory credit landscape.  

Alternative data are laced with signals that enabled fintechs to shift away from 

reactionary “pull” credit offerings to more proactive “push” credit offerings. The 
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data that are used in the underwriting process are collected from third party 

providers rather than being directly sourced from SMEs.  There is less reliance in 

self-reporting by fintechs, fostering a more objective assessment process. The 

integration of multiple data sources provides increased reliability signals 

regarding an SME’s creditworthiness. The ability to push credit offering has 

notably increased the approval rates for SMEs significantly, as the underwriting 

process is often completed even before a business owner formally applies. The 

application processes have certainly become more seamless. As highlighted in 

the existing literature, SMEs have historically been hesitant to approach 

conventional lenders due to high rejection rates. Fintechs, by leveraging 

alternative data, are creating a more accessible and efficient path to credit for 

SMEs. 

The use of real-time data from alternative sources has enabled fintechs to 

expedite the credit assessment process, reducing the turnaround time from loan 

application to disbursement. The availability of these data around the clock offers 

several advantages. Primarily, the data are more current compared to traditional 

credit data – and as part of the credit underwriting process, fintechs have the 

most updated view of the business’s operations. This vantage point gives fintechs 

enhanced credit assessment capabilities to differentiate businesses. 

Furthermore, the multiple data combined with traditional data, present an 

advantage that make it inherently difficult for the data to be manipulated. This 

integration not only significantly mitigates fraud risk but also does not entirely 

eliminate it. In scenarios where traditional data form the basis of credit 

assessment, alternative data can be leveraged to make decisions in borderline 

cases. This use of alternative data is a good example of the complementary role 

alternative data provide in enhancing credit decision making.   

Alternative data have had the most influence in the development of unsecured 

working capital solutions for SMEs. This study highlights the fintech sector's 

recognition of the heterogeneity of SMEs, and their distinct needs. Products such 

as the merchant cash advance, bridging facilities, invoice discounting and 

purchase order finance is where the greatest impact has been observed of 

fintechs using alternative data. Fintechs are leveraging the same data points but 
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are creating differentiated funding products. Notably, all these products have a 

primary term of less than 12 months. The study found limited evidence suggesting 

that alternative data could extend funding terms beyond the 12-month period, 

indicating a potential area for further exploration and development.  

While alternative data offer fintechs the ability to make more informed credit 

decisions, several challenges remain. These challenges include the need for a 

balanced approach between objective data analysis and acceptable levels of 

subjectivity, the high cost of funds for fintechs which leads to high finance charges 

to SMEs, the protection of SME’s privacy within the ecosystem and the critical 

role of consent in data usage, and the industry's reluctance to share data with 

credit bureaus. Addressing these challenges is crucial for the effective use of 

alternative data in credit decisioning. 

6.3 Conclusions regarding research question 2 

The research question was: How are fintech lenders addressing information 

asymmetry in credit assessment for SMEs in South Africa? 

Adverse selection is an issue that is prevalent with traditional lenders and is being 

addressed differently by fintechs. The findings of the study reveal that fintechs 

are effectively separating good actors from bad actors. They depend on the 

extensive big data formed by the collection of alternative data.  

SMEs tend to know more information about their businesses than the information 

they are willing to share with lenders. The study found that there is less reliance 

by fintechs on self-reported data. The findings indicate that fintechs proactively 

gather information through the business lifecycle, not only at points of funding 

needs. This proactive data collection results in more objective assessment 

procedures. Notably, some fintechs, as part of their credit application processes 

have eliminated self-reporting requirements completely. These same data are 

used by fintechs to look for signals that convey a message to fintechs that the 

borrowers are good payers.  The ability to proactively collect these data as found 

in this study has reduced the cost of screening resources invested in search of 
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this information and has significantly increased the efficiency with which the data 

are collected via technological advancements.  

As lenders continually collect and analyse big data on SMEs, they refine their 

models. With access to real time data, fintechs are able to intervene earlier with 

businesses that show signs of distress. The evidence from the study suggests 

that lenders rely on alternative data to categorise businesses into risk-based 

cohorts, reducing the impact of adverse selection in their models. This access to 

real time data provides screening benefits as the borrower risk assessment is in 

real time.  

The insights from the study suggest that fintechs tend to charge high interest 

rates, particularly with initial loans. This high charge is due to the high costs of 

funding. However, for subsequent loans, fintechs integrate behavioural data from 

previous loans which leads to more favourable pricing. The study notes a high 

drop off rate after initial loans due to mispricing. The evidence presented in the 

study suggest that fintechs attempt to offset this attrition by passing on the digital 

acquisition and service costs savings to the borrowers.     

One significant finding is that fintechs have not substantially addressed the "thin 

file" issue, where SMEs lack extensive credit histories. As a participant put it, 

“fintechs live on information asymmetry”, suggesting that there has been a 

reluctance to report positive and negative data on SMEs, which perpetuates 

challenges of information asymmetry. There is no adequate incentive for fintechs 

to share the data. The implication is that there is a requirement for a regulatory 

lend model, where fintechs and traditional SME providers are compelled to share 

data in line with open banking principles and to compel the sharing of data with 

credit bureaus.  

Fintech lenders look for signals in the alternative data for an SME’s 

creditworthiness. The study found that relying on hard data gives unalterable 

signals. The study also revealed that fintechs tend to rely on multiple sources 

when integrating SME alternative data into credit assessment processes, which 

makes the SME’s digital profile more reliable and harder to manipulate.  
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Findings from the study suggest that transaction patterns, an online presence, 

effective customer complaint resolution, regularly updated websites, social media 

accounts and a long history with service providers all send signals to fintechs of 

the financial health of the business.  

A key finding is the weight placed by fintechs on SMEs having an active bank 

account which is a reliable indicator of the savviness of the business owner and 

the legitimacy of the business. The processes to open business bank accounts 

are subject to stringent regulatory requirements. Fintechs require a bank account 

to offer credit lines, as it serves as a crucial collection mechanism. The ability of 

fintechs to collect their funds directly from bank accounts or from source (invoice 

discounting or net settlement) is a key indicator of a business’s overall risk.   

Social signalling was highlighted in the study. The study found that examining an 

owner’s social circle to predict an SME’s creditworthiness has merit. This practice 

has been tested and proven in consumer credit; however, its application in SME 

credit assessment is yet to be established.  However, the findings were 

inconclusive regarding the efficacy of using SME owner credit profiles in 

assessing business creditworthiness.  

The study highlights the significant reduction in acquiring, processing and 

servicing costs associated with fintechs assessing SMEs. The use of APIs and 

secure file sharing has taken away the need for on-the-ground relationship 

managers to gather information and reduced the underwriting costs as this 

process is also automated.  

The study highlights the fact that fintechs are extending their analyses beyond 

financial data to include for example, web data analytics and movement scoring 

on location as predictive indicators. By analysing patterns among similar 

borrowers, fintechs are able to more accurately assess risk. This ability not only 

aids in identifying potential defaulters but also in recognizing viable credit 

opportunities among SMEs traditionally considered as ‘thin files.’   

The study highlights the importance of a hybrid approach in screening. There is 

no one-size-fits-all approach. The study reveals that it is beneficial to combine 
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models that utilise both alternative and traditional data points to the extent 

possible.  

6.4 Recommendations 

Recommendations to the SMEs (business owners) 

Awareness: Business owners should recognise that they can now access 

unsecured credit products through fintech lenders, who typically have higher 

approval rates, do not require collateral, and rely on hard data for information 

transparency. In order to access funding from fintechs, SMEs should be open 

to providing data sharing consent to businesses that service them, which may 

lead to “push credit” offers. 

Digital footprint: SMEs looking to increase their funding chances should 

embark on digital transformation journeys. An active and positive digital 

presence, including digital payment solutions, transaction recording, online 

customer interactions, and social media engagement, can be crucial. 

Recommendations to fintech lenders and traditional institutions 

Explore partnerships: The SME ecosystem encompasses a variety of 

stakeholders, each playing a distinct function. In order to mitigate information 

asymmetry, fintech lenders and other key players in the ecosystem should seek 

synergistic relationships that facilitate information sharing. This approach 

results in effective sharing of alternative data with fintechs, enabling improved 

funding access for SMEs. In addition, traditional lenders should consider 

forming partnerships with fintech companies. Such collaborations can 

accelerate progress for traditional lenders in leveraging alternative data for 

credit assessments.   

Invest in advanced data analytics: Fintechs should invest in sophisticated 

analytics, particularly machine learning, to effectively handle diverse alternative 

data sources. This approach is likely to increase financial inclusivity for SMEs 

and result in the development of new financial products. Furthermore, it will 

enhance risk assessment and fraud detection.   

Invest in secure platforms: Technological platforms have enhanced and 

made efficient the flow of information between parties. Allowing data to be 
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shared via API integration facilitates real-time and secure data sharing. The 

ultimate benefit of this approach from a fintech lender perspective is reduced 

screening and signalling costs. As costs to acquire and underwrite these 

businesses reduce, scale markets open up and allow expansion into 

underserved segments.  Data security becomes critical to instil confidence in 

market participants.  

Adopt hybrid models: The study is clear on the finding that the most effective 

credit models combine both alternative data and traditional data. Fintechs 

should view alternative data not as a substitute but rather as a complement to 

traditional data. That said, there is an appreciation that in certain markets were 

files are thin, alternative data alone would suffice. Alternative data when 

combined with traditional data can be used for longer term funding options.  

Recommendations to CEOs of companies that generate data servicing 

SMEs 

Explore partnerships: The SME ecosystem encompasses a variety of 

stakeholders, each playing a distinct function. In order to mitigate information 

asymmetry, CEOs should seek partnerships with fintech lenders to facilitate 

data sharing. This collaboration can enhance the sustainability of the SMEs 

they serve through value-added services and enable better funding access 

through alternative data.  

Recommendations to policymakers 

Regulate data sharing: The regulators should implement policies that 

encourage the open sharing of SME data. The implementation of open banking 

should be accelerated in South Africa to help alleviate information asymmetry 

problems.  Institutions often possess extensive data, yet there is a reluctance 

to share this information, even when such sharing could benefit the data 

subjects themselves. This hesitancy hinders the growth of SMEs.  

Support Innovation: Encourage innovation in the fintech sector through 

supportive initiatives like allowing a sandbox to enable alternative data to be 

shared and credit models developed in a safe environment. The regulator 

should be more open to new products that come about as a result of leveraging 

alternative data to get funding to SMEs that have previously been marginalised. 

Recommendations for credit bureaus  



 
115 

Integrate alternative data sources: Integrate alternative data into credit 

reports to provide a more comprehensive view of an SME’s creditworthiness. 

Collaborate with fintechs: Work closely with fintech lenders to understand the 

type of alternative data being used and explore ways to incorporate it into 

traditional credit scoring models. Collaborate in terms of sharing positive and 

negative data points to alleviate problems of information asymmetry.  

 

6.5 Suggestions for further research 

The scope of this study was limited to unpacking insights on the role of alternative 

data in providing access to credit for SMEs. Further research is required to 

understand whether businesses that have incorporated a hybrid model have a 

better bad debt experience than lenders that use only one of the two methods.  

The study highlights the fact that fintech lenders generally charge a premium 

compared to traditional lenders. There is evidence provided in this study that 

SMEs at times value access over price; however, it was beyond the scope of this 

study to delve further into this aspect. Further research looking at the pricing 

dynamics for fintechs when providing funding to SMEs would be valuable. Such 

a study would look at the role that pricing and delayed access have on SME 

sustainability.  

The Gini Coefficient is used to distinguish defaulters from non-defaulters. The 

higher the Gini Coefficient, the better the model. A study that investigates a 

combination of traditional data, social data, behavioural data and transactional 

data in a credit model to determine the Gini would be valuable. A key component 

of such as study is access to data.  

Furthermore, a study that focuses on the predictive power of consumer credit 

scores on business credit would be beneficial. In a market like South Africa where 

lenders have resorted to relying on individual credit scores to assess SMEs, it 

becomes critical to understand its impact on access to funding. 
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From the literature review it emerged that the UK has a regulatory lending model 

which enabled them to roll out open banking. South Africa has a more incumbent 

led model. This model puts the regulators and incumbents at odds, specifically 

around data sharing. Further research on how open banking would work in South 

Africa’s SME sector would be of great value. This research should include the 

impact of regulations such as the Protection of Personal Information Act (2013) 

(PoPIA) and the Promotion of Access to Information Act (2000) (PAIA). 

6.6 Concluding comments  

The findings of the research highlight the significant gap in credit access affecting 

SMEs in South Africa. The research paper further highlights the transformative 

role of fintech innovation as they leverage alternative data to provide credit 

products to SMEs. South Africa is ripe for innovation as the SME sector 

increasingly embraces digital tools. The ability for fintechs to access SME-

generated data is central to unlocking more inclusive and tailored products. A 

regulatory framework that ensures that SME own their data is critical. This 

necessitates a collaborative effort among all SME market stakeholders to create 

an ecosystem conducive to data sharing and innovation. The study envisions a 

shift towards 'push' credit offerings, characterized by reduced screening costs 

and an abundance of digital signals indicating SME health. Crucially, the research 

highlights that alternative data stands as a pivotal solution to the challenges of 

information asymmetry, heralding a new era of credit provision for SMEs in South 

Africa.  
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APPENDIX A: INTERVIEW REQUEST COVER LETTER 

Dear Participant,  

I am writing to extend an invitation for you to participate in a research study that 

I am conducting as part of my pursuit of a Master of Management in Digital 

Business. My name is Mandla Khupe, and my research is focused on the use of 

alternative data by fintechs to provide access to capital for SMEs in South Africa. 

I have carefully selected a limited number of participants for this study, and I 

would like to invite you to take part in an in-person or virtual interview session, 

whichever is more convenient for you. Each interview session will last for 

approximately one to two hours in one sitting. However, if you prefer, we can 

break down the interview into two separate sittings, whichever option is more 

comfortable and convenient for you. 

The interviews will be conducted over an 8-week period between April and May, 

followed by data analysis and interpretation. Please note that you will only be 

required to participate in one interview session (2 hours) and are not 

expected to make yourself available for the full 8-week period. The outcomes 

of the research paper will be made available in H1 2024. If there are any 

questions during the interview that you would prefer not to answer, please feel 

free to decline to respond. I want to assure you that this research will not be 

circulated outside of my academic environment without first obtaining permission 

from all participants. 

Should you have any questions or concerns, please do not hesitate to contact 

me at 2410076@students.wits.ac.za. I will be working under the supervision of 

Dr. Jabulile Msimango-Galawe, who can be contacted at jabulile.msimango-

galawe@wits.ac.za should you have further inquiries and feedback. 

I would appreciate it if you could kindly confirm in writing whether you are willing 

to participate in this study. Thank you for considering my invitation. 

Sincerely,  

Mandlenkosi Khupe  

mailto:2410076@students.wits.ac.za
mailto:jabulile.msimango-galawe@wits.ac.za
mailto:jabulile.msimango-galawe@wits.ac.za
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APPENDIX B: PARTICIPANT INFORMATION SHEET 

Study title: The use of alternative data by fintechs to provide access to 

credit for SMEs in South Africa 

Dear Participant,  

I am studying towards my Master of Management in Digital Business at the 

University of the Witwatersrand, Johannesburg. My supervisor is Dr. Jabulile 

Msimango-Galawe. 

Introduction: 

The purpose of this qualitative research report is to explore the use of alternative 

data by fintechs sources to provide access to credit for SMEs in South Africa. The 

study aims to explore the benefits of using alternative data to assess 

creditworthiness and how it complements traditional credit data. Furthermore, the 

study will seek to provide insights into how alternative data is leveraged to 

address information asymmetry and how fintechs are using alternative data to 

signal business sustainability. 

Invitation to Participate:  You are invited to take part in an in-person or virtual 

interview session, whichever is more convenient for you. Each interview session 

will last for approximately one to two hours in one sitting. However, if you prefer, 

we can break down the interview into two separate sittings, whichever option is 

more comfortable and convenient for you. The interviews will be conducted over 

an 8-week period between April and May, followed by data analysis and 

interpretation. Please note that you will only be required to participate in one 

interview session (2 hours) and are not expected to make yourself available for 

the full 8-week period.  

With your permission, I would like to record the interview. This data will be stored 

for 5 years and deleted. Only the researcher will have access to the data. 

During the research activity, I will need to ask for some personal information 

about you such as name and surname, academic background, experience, and 

current role in the industry.   
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To maintain privacy, all Individual identities will be coded, and confidentiality 

guaranteed. Pseudo names will be given to participants to maintain their 

anonymity; however, this cannot be completely guaranteed as they are known to 

the researcher.   

I understand that some questions may be sensitive, particularly those related to 

the intellectual property of associated companies. Please note that you may 

choose not to answer these questions if you prefer. 

Once the research study is complete, I will write up a research report and make 

it available to my academic superiors. If you would like a summary of the report, 

I would be happy to send it to you. 

If you have any questions or concerns about this research study, please feel free 

to contact me or my supervisor, Dr. Jabulile Msimango-Galawe. If you have any 

ethical concerns or complaints, you may contact the University Human Research 

Ethics Committee (Non-Medical) at telephone (+27) 11 717 1408 or email 

hrecnon-medical@wits.ac.za 

  

mailto:hrecnon-medical@wits.ac.za
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APPENDIX C: THE RESEARCH INSTRUMENT 

1. Can you please give an introduction about yourself and how long you have been in 
the fintech space (covering academic background, experience)? 

2. Would you say South African fintechs are successfully using alternative data to 
advance credit to SMEs? If you have examples of this, that would be great? 

3. How are fintechs and SMEs benefitting from the use of alternative data to assess 
creditworthiness to SMEs? 

4. What are the common types of alternative data points that fintechs rely on for credit 
scoring of SMEs? 

5. How do fintechs access and collect alternative data sources? And how do they 
ensure accuracy and reliability of the alternative data sources? 

6. Would you say alternative data is more a complement to traditional data than it is a 
substitute or vice versa?   

7. Where alternative data only is used, would you say its sufficient to provide a 
complete picture of SME creditworthiness? Are there particular industries where you 
need either or both? 

8. Is alternative data addressing problems of information asymmetry? How?  
 

9. What data points do fintechs use to signal sustainability of SMEs going into the 
future? 

 
10. Are collection mechanisms in alternative data credit assessments the best measure 

of willingness to pay for SMEs? We know willingness to pay is a key component in 
assessing an SME’s probability of default in traditional credit. In traditional lending, 
there is a heavy reliance on the relationship side to verify this. If the verification is 
not done, what levers are there to ensure that willingness to pay is there? 

11. What subjective inputs are fintechs bringing into their credit processes or rather how 
do they balance this with the need to make data-driven decisions? 

12. What types of alternative data are fintechs using to address information asymmetry?  

13. How do fintechs ensure that the alternative data they use is accurate and reliable, 
and what challenges do they face in doing so? 
 

14. What proactive screening processes do fintech lenders rely on, and how do they 
ensure the accuracy and reliability of the alternative data they use to assess SMEs 
for credit – while reducing the costs to gather this data? 
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APPENDIX D: ETHICS APPROVAL 
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APPENDIX E: CONSISTENCY MATRIX 

Research Question Sub Questions  Proposition  Data 

Collection 

detail  

Research 

Design 

Data Type and 

Analysis 

Method 

RQ1) How are fintechs 

transforming the SME credit 

landscape in South Africa by using 

alternative data? 

RQ1.1) What types of alternative 

data points do fintechs commonly 

rely on when credit scoring SMEs? 

 

Proposition 1:  

Alternative data is used by fintechs 

to effectively augment SME credit 

analysis where there are gaps in 

the traditional data points. 

Interview guide 

questions:  

3, 4, 5 
Standard 

Qualitative 

Analysis 

Qualitative / 

Thematic Analysis RQ1.2) How does alternative data 

complement or substitute traditional 

credit data in evaluating an SME’s 

creditworthiness? 

Interview guide 

questions:  

6, 7 

RQ2) How are fintech lenders 

addressing information asymmetry 

in credit assessment for SMEs in 

South Africa? 

RQ2.1) How do fintechs incorporate 

subjective measures into their credit 

algorithms/models, transforming 

soft data into decision-making 

criteria?  
Proposition 2:  

Alternative data allows fintechs to 

depend on hard information derived 

from alternative data sources to 

make informed credit decisions. 

Interview guide 

questions:  

11 

Standard 

Qualitative 

Analysis 

Qualitative / 

Thematic Analysis 

RQ2.2) What data points do fintechs 

depend on as indicators of SMEs’ 

future sustainability?  

Interview guide 

questions:  

7, 9, 12, 13 

RQ2.3) What kinds of alternative 

data are fintechs utilising to limit 

issues of information asymmetry in 

the credit assessment process?   

Interview guide 

questions:  

8, 14 

 




