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a b s t r a c t 

In the music industry, the process of signing new musical talent is one of the most complex decision- 

making problems. The decision, which is generally made by an artist and repertoire (A&R) team, involves 

consideration of various quantitative and qualitative criteria, and usually results in a low success rate. We 

conducted a series of mental model interviews with the aim of developing a decision support framework 

for A&R teams. This framework was validated by creating a decision support system that utilises multi- 

criteria decision analysis to support decision-making. Our framework and subsequent implementation of 

the decision support system involving decision rule and weighted sum methods show an improvement 

in the ability to analyse and decide on greater amounts of talent. This paper serves as a building block 

for developing systems to aid in this complex decision-making problem. 
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. Introduction 

In the music industry, an artist and repertoire (A&R) depart- 

ent is responsible for the process of finding and signing new 

alent to the label roster so that the label can then market and 

ell them to the public. This complex and highly volatile decision- 

aking problem of whether a performance should be signed in- 

olves several conflicting criteria and is a decision of critical im- 

ortance to a music label’s success. There has also been exponen- 

ial growth in the supply of music, which has led to a significant 

ncrease in the content that A&R teams need to consider. For ex- 

mple, YouTube received 500 hours of new videos uploaded ev- 

ry minute in 2020 ( Statista, 2021 ). There has been a change in

he pattern of how music is released and consumed, resulting in 

 need for labels to adjust the process of finding content. This is 

llustrated by the introduction of music streaming, as found by 

ooke (2020) , who stated that 142.9 million albums were con- 

umed in the UK in 2018 with an approximate retail revenue of 

1.33 billion, 40 per cent of which came from paid streaming ser- 

ices. The process of finding and signing new talents is also inef- 

cient. Industry statistics have shown that the process is lengthy 

nd expensive; according to the IFPI (2021) , signing costs are be- 
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ween £30 0,0 0 0 and £50 0,0 0 0, but can surpass £1 million in a

ompetitive scenario. Of those artists signed, only 5.7 per cent 

anaged to sell 10 0,0 0 0 albums or more, with less than 2 per cent

chieving more than 30 0,0 0 0 albums sold. 

Overall, music labels, a large provider for this consumption, 

ust continue to release new musical talent that best fits the pub- 

ic’s interest ( Morris & Powers, 2015 ) while adapting to the increas- 

ng number of musical talents available, changes in the consump- 

ion of music, and the inefficiency of their own processes. This pa- 

er shows that a decision support system can improve the effi- 

iency of A&R work, and provides a framework for the creation of 

 decision support system to aid in the decision-making of A&R 

xperts when signing new musical talent. We introduce the use 

f the mental model approach to understand experts’ decisions, 

ropose a framework that encapsulates the criteria of the experts’ 

odel, and test this framework in a real use case. Our contri- 

utions are threefold: we show how to elicit experts’ model of 

he existing A&R decision-making process for signing new musi- 

al talent, we propose a decision support system for the signing of 

ew musical talent, and we demonstrate the use of our proposed 

ramework practically within a UK-based music label. 

The rest of the paper is divided into eight sections. After dis- 

ussing the background literature in Sections 2 and 3 describes our 

pproach to this research. We next investigate the talent identifi- 

ation process through the creation of the mental model of experts 

n Section 4 , based on the mental model interviews. In Section 5 ,

e propose a framework for decision support based on the find- 
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ngs from the expert models. Sections 6 and 7 provide the im- 

lementation and evaluation of the proposed framework through 

n application with a small A&R team. The paper closes with 

ections 8 and 9 , which provide discussion and conclusions. 

. Literature review 

.1. The role and responsibility of the artist and repertoire team 

Music labels are businesses that distribute musical talent 

hrough various channels including physical, live, streaming, and 

nline. Their goal is to maximise profit by controlling access to 

oth performers and performances that are popular with con- 

umers at large ( Janssen & Verboord, 2015 ). As shown by IFPI 

2021) , the process of identifying and signing talent that aligns 

ith public interests is a difficult problem, with only 5.7 per cent 

f signings by major music labels selling at least 10 0,0 0 0 albums

nd less than 2 per cent selling more than 30 0,0 0 0 albums. To sup-

ort their business model, music labels have dedicated A&R teams 

o identify musical talent that aligns with public preferences and to 

hom they can offer a contract for the right to specific or future 

erformance (referred to in music industry language as signing). 

his contract allows the label to represent the artist’s interests, de- 

elop their brand, and sell their music to the public in exchange for 

nancial benefits and other support. Despite an increasing number 

f performers who are self-publishing their music ( Bender et al., 

021 ), music labels still retain a large presence, in terms of both 

evenue size and audience reach. 

Looking at the research that studies sources and criteria for 

he signing of new musical talents, there are limited investiga- 

ions into sources of new talent. Primarily, the work by Negus 

2011) identifies radio channels, expert connections, and live per- 

ormances as sources that are used regularly by A&R in the US 

nd the UK. Other comparable work looking at A&R in the Nether- 

ands, by Zwaan & Ter Bogt (2009) , and in Poland, by Galuszka &

yrzykowska (2017) , did not provide any insight into sources for 

ew musical talent, focusing on how A&R evaluates musical talent. 

s such, we considered sources of new talent to be an area of sig- 

ificant research interest. Looking at the criteria in A&R decision- 

aking. Negus (2011) identified criteria consisting of the musical 

kill of the performer, music quality of performances, musician’s 

ppearance, motivation, and existing size of audiences for the per- 

ormance. This has been replicated in studies by both Zwaan & 

er Bogt (2009) and Galuszka & Wyrzykowska (2017) , although 

hese differ from Negus by discussing the growing importance 

f the internet medium in measuring the aforementioned crite- 

ia, while Negus’s work relied mostly on the older physical media 

f radio, record store sales, and television. Overall, past research 

ound that criteria for A&R can be summarised into music perfor- 

ance and meta-information about both the performance and the 

erformer, but there has been a lack of clear insight into how this 

an lead to approaches that improve A&R’s job. 

While there has been limited study of A&R work, there has 

een more research into the classification of successful talent 

ased on finance. There is a clear link between the A&R job de- 

cription and the goal of getting music that can be successful. Of 

articular interest are works that have looked into the use of mu- 

ic information retrieval (MIR), which is a representation of mu- 

ic with quantitative and qualitative features, to identify success- 

ul performance. One of the first was by Dhanaraj & Logan (2005) , 

hich proved statistically that MIR’s features of lyric and mel fre- 

uency cepstral coefficients (MFCC), a representation of sound as 

 power spectrum, can classify financially successful performance 

ith an AUC-ROC curve, a summary evaluation metrics for bi- 

ary classification that plots the area of true positive rate against 

alse positive rate, of 0.68 on evaluation data. Subsequent work 
325 
y Herremans et al. (2014) identified beats and timbre as fea- 

ures in popular dance music classification, with a cross-validation 

UC-ROC of 0.65, and Yang et al. (2017) used mel-spectrograms to 

emonstrate an improvement in recall accuracy of 30 per cent in 

he classification of both Mandarin and Western music. In short, 

hese works show that there is an opportunity to augment A&R 

reference on musical performance through the use of MIR fea- 

ures. 

These researches into a classification based on financial suc- 

ess also look at meta-information around talent. They demon- 

trate the relationship between previous success, release date, 

nd marketing support with financial success. In particular, Strobl 

 Tucker (20 0 0) investigated a hundred best-selling albums in 

he UK. They found album type, seasonal factors, the public per- 

eption of performers, and the existing popularity of the per- 

ormers to be significant factors in success. This is supported by 

teininger & Gatzemeier (2019) , who showed that public opin- 

on aligns with financial success. On the other hand, Dewan & 

amaprasad (2014) found that marketing investment was also a 

ignificant connection to financial success. However, the marketing 

spect is beyond the scope of this research as A&R decision-making 

s done pre-signing and the marketing decision is taken after. Over- 

ll, meta-information on talent is highly relevant to the success of 

he talent, and A&R would be keen to look into it as a set of cri-

eria. However, not all of it would be appropriate given that the 

ecision is made pre-signing. 

Overall, this section has looked into literature that has investi- 

ated the job of A&R and tasks that are similar to it. The review

ound a limited quantity of work looking at A&R’s processes and 

riteria for the signing of new musical talent. Studies that have 

ooked into this have focused on the qualitative study of the pro- 

ess rather than trying to encapsulate the decision-making prob- 

em to solve the challenges that A&R faces. A&R looks for poten- 

ially successful music and we identified more research that has 

dentified information and meta-information on talent that is re- 

ated to financial success. This research focuses on the classification 

f talent from others using MIR and information about performers. 

he work has allowed us to identify a gap in the literature in terms 

f decision support for A&R that goes beyond qualitative work into 

he A&R decision-making process. This paper will focus on this and 

dentify factors that are used in the process and how a decision 

upport system (DSS) can be used to support A&R decisions. 

.2. Decision support systems 

The current research aims to create a framework for a com- 

rehensive DSS involving talent identification, information man- 

gement, and the MCDA on criteria and alternatives. This is based 

n the success of an end-to-end system in aiding complex multi- 

riteria decision problems similar to those that A&R faces. Studies 

uch as urban transportation policies selection ( Arampatzis et al., 

004 ), waste management ( Haastrup et al., 1998 ), and ore blend- 

ng cost optimisation ( Zhang et al., 2011 ) demonstrate how com- 

rehensive guidelines for DSS can provide an implementation plan 

or real-life decision-making problems. 

An A&R task, as defined by Negus (2011) , is a repetitive 

ecision-making process with the ever-changing importance of cri- 

eria, multiple options, and developing alternatives. One of the ar- 

as of interest for our research is a decision-rule-based approach 

owards decision-making. This approach is commonly used to gen- 

rate a subset of alternatives ( Slowinski et al., 2009 ) from a large

umber of alternatives, such as the identification of a supplier for 

 green development ( Bai & Sarkis, 2010 ), fraud alerts in consumer 

redit ( Leonard, 1995 ), and customer churn predictions ( De Caigny 

t al., 2018 ). These examples of decision rules demonstrate the use 

f strict, easily applied boundaries to filter alternatives by elimi- 
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mance that resulted in a signing within a month. 
ating those that do not fit. In addition to filtering via the deci- 

ion rule, A&R teams also need to prioritise musical performances 

or signing. There are many families of MCDA methods suitable 

or this task, the more popular ones being WSM, AHP, ELECTRE, 

ROMETHEE, MACBETH, MAVT, and MAUT ( Velasquez & Hester, 

013 ). In particular, we were influenced in our work by the use of 

eighted average methods using satisfaction thresholds in MAC- 

ETH, which allows decision makers to establish the importance 

nd a minimum and a maximum expected value for all criteria 

onsidered ( Bana e Costa & Vansnick, 1994 ). Given the large num- 

er of alternatives and the need to identify several appropriate 

lternatives, this work has elected to focus on the weighted sum 

pproach. These methods are accessible to the tool’s user but can 

e sufficiently complex to handle the complex problems that A&R 

aces. It has also been shown that prototypes are a useful step in 

nsuring that the framework can efficiently support the decision- 

aking process ( Quintero et al., 2005 ), so our framework will be 

ested to ensure it represents experts’ explicit beliefs. In this sec- 

ion, this review identifies various MCDA techniques that could be 

sed in the creation of DSS for A&R. It also discusses the poten- 

ial strengths and weaknesses that A&R would face with different 

CDA approaches to the DSS and this leads to the need to clearly 

dentify A&R’s mental model to choose an appropriate MCDA and 

SS framework. 

.3. Mental model 

To understand how A&R considers talent, this research uses a 

ental model approach. A mental model is an internal construct 

f reality that is unique to individuals and the situations that they 

ace, including their assumptions, beliefs, experiences, and biases. 

t may not truly reflect reality and is only explicitly known to 

he individual but it has an impact on their decision-making pro- 

ess ( Chermack, 2003 ). Research has utilised a mental model to 

nderstand a variety of choices taken by human decision mak- 

rs, such as human-computer interaction ( Carroll & Olson, 1988 ), 

ater-management ( Kolkman et al., 2005 ), human resource man- 

gement ( Chermack, 2003 ), and risk communication ( Bravo-Lillo 

t al., 2010; Jungermann et al., 1988; Otto-Banaszak et al., 2011 ). 

he model itself allows non-decision makers to understand the cri- 

eria that influence experts’ decision-making, which is central to 

CDA. To elicit a mental model, Jones et al. (2011) separated the 

rocess into two categories: direct and indirect elicitation. Direct 

licitation uses a diagrammatic interview based on the assump- 

ions that the model can be represented as a network of beliefs 

nd that the individual can define it. This allows for direct control 

o cover areas of interest but has the limitation of potentially ig- 

oring information that does not fit into preconceptions. In con- 

rast, indirect methods require researchers to infer the network 

rom open-ended oral interviews, allowing for exploration during 

he interview but requiring a skilful interviewer to maintain con- 

rol. As A&R decisions are a multi-criteria decision-making process, 

ndirect methods are preferred for their flexibility. 

In this research, the construction of expert processes to identify 

nd evaluate musical talents is fundamental to creating a frame- 

ork for a DSS. This review has identified an appropriate method 

o do so as well as the importance of such a process. 

. Methodology 

This research utilises indirect elicitation to extract a mental 

odel of how A&R signs new musical talent. The mental model is 

sed to create a framework for a decision support system to assist 

ith this process. The framework is then evaluated, both qualita- 

ively and quantitatively, through a real-life implementation in a 

usic label. 
326 
.1. Mental model interviews and framework elicitation 

The interviews were based on the indirect elicitation of a men- 

al model with two interviewers. The lead interviewer guided the 

onversation in accordance with the interview protocol, while the 

econd interviewer focused on clarifying the questions and ensur- 

ng that an appropriate response was collected for each question. 

he open-ended interviews started with a broad questioning that 

ermitted free responses, allowing experts to guide the conversa- 

ion to a specific area of interest, such as the interviewee’s defi- 

ition of success or personality traits of the artist, that came up 

uring the interview ( Morgan et al., 2002 ). Probing questions were 

hen used based on the responses, focusing on “how” and “why”, 

or example: “Can you explain to me what the role is of an artist 

nd repertoire expert?”; and then probing questions like “How do 

ou differentiate between different types of music?” or “Why do you 

ocus on an artist’s live performance ability?”. A detailed interview 

rotocol is provided in the supplementary material. 

We initially reached out by email to 15 experts who worked for 

usic labels that are based in the UK and had signed new mu- 

ical talent within six months before that email if they would be 

nterested in participating in an interview that studies the work- 

ng of A&R. Subsequently, a total of ten A&R experts, from various 

ackgrounds, nationalities, and responsibilities, as listed in Table 1 , 

articipated in this research. The final number of interviews was 

etermined based on data saturation, where a new expert is inter- 

iewed until no additional beliefs and goals are identified. Content 

nalysis was then used to determine patterns of the shared mental 

odel. Interviews were analysed with a coding process to identify 

ew and existing concepts ( Abel et al., 1998 ). Once all interviews 

ad been coded, shared concepts across interviews were identified 

nd tagged accordingly. The final list showed all identified con- 

epts, how many interviewees discussed them, and synonyms for 

ach concept. These shared concepts form an understanding of the 

rocess and identified criteria that experts used to evaluate new 

usical talent and become the basis for our framework. 

.2. Testing by implementing the framework 

To evaluate the framework for the DSS, it was implemented 

ith a small A&R team in the UK. The team consisted of five peo- 

le, with a mix of experience, focusing on dance music for UK 

udiences. This music label focuses on talent as individual perfor- 

ances rather than performers owing to their size, financial con- 

iderations, and focus on dance music. The DSS was implemented 

o aid in the whole process, but the A&R staff retained the right to 

ake the final decision on a signing. A&R was asked to utilise the 

SS for three months before both qualitative and quantitative feed- 

ack was gathered. The quantitative numerical indicators included 

he ability to manage the large quantities of performances that the 

xperts are unable to effectively evaluate at present, the ability to 

nalyse the performances in a timely manner, and the ability to 

valuate performance in equal or better quality than human eval- 

ations of the musical talent. We used two aspects of quantitative 

nd qualitative analysis to achieve this evaluation. Quantitatively, 

he framework was measured and compared to human evaluations 

n the following quantitative numerical indicators: 

1. Quantity of performances that were analysed, in comparison to 

the current manual processing by experts in the same period. 

2. Quantity of performances that were evaluated and considered 

of suitable quality for detailed evaluation, in comparison to cur- 

rent manual processing by experts in the same period. 

3. Number of successful recommendations of a musical perfor- 
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Table 1 

Detailed information of participants in this study. 

ID Job title Experience Initial role Education background 

1 Director of A&R 20–30 years Intern Bachelor’s degree (non-music) 

2 Senior A&R manager 10–20 years Intern Bachelor’s degree (non-music) 

3 Senior A&R manager 5–10 years Intern/Scout Bachelor’s degree (non-music) 

4 Director of A&R 30 + years Intern/Scout Secondary Level 

5 President of music label 30 + years Intern Bachelor’s degree (non-music) 

6 Head of A&R 20–30 years DJ Bachelor’s degree (non-music) 

7 A&R manager 10–20 years Scout Bachelor’s degree (non-music) 

8 A&R manager 5–10 years DJ Bachelor’s degree (music) 

9 Director of music label 20–30 years Scout Secondary level 

10 Director of music label 30 + years Scout Secondary level 

Table 2 

Expert’s (horizontal axis) alignment in the mental model of aspects of talent discovery and signing (vertical axis) with shaded square indicating topic is discussed. 
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To qualitatively assess it, the researcher asked the expert for 

heir opinion on how the system fitted into their workflow and 

ow they assessed the framework’s ability to evaluate talent com- 

ared to how A&R had done it in the past. The assessment was on 

oth initial evaluations and detailed evaluations. 

. Mental model of A&R in the process of finding and signing 

ew musical talents 

.1. Mental model of A&R’s role and responsibility 

Based on mental model interviews, Table 2 lists how respon- 

ents in the research (horizontal axis) discussed each aspect of 

alent discovery and signing (vertical axis). This showed that A&R 

orked in two stages: the scouting process to discover new mu- 

ical talent and the evaluation process to decide whether to sign 

hem. While they have slightly different scouting and evaluation 

riteria, it can be seen that the majority share similar considera- 

ions. Experts describe their job as being responsible for finding 
327 
ew musical talent that can connect with the public audience, or 

ssentially identifying “hit records”. This is supported by this ex- 

erpt from Expert #9: “A&R is about finding a hit. Finding success 

n music... we have made a living for many years based on finding 

usic that will connect with a bigger audience than a small one.”

t must be noted that musical talent, as discussed by experts, in- 

ludes performance, an album collection of multiple performances, 

nd musical performers. This can be seen in the following response 

rom Expert #9: “It is about finding tracks and artists that we think 

ill connect with the public.” Given the definition, it is important to 

ote that interest in performances versus performers varied based 

n the music labels’ goals. For instance, dance or electronic music 

abels are more interested in individual performances. 

.2. Mental model of finding talent 

Experts used a variety of sources and methods to find new mu- 

ical talent. Expert #8 described this as: “For me, A&R scouting is 

bout utilising the platform and the place that has new artist and new 
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alent that these people were able to put their record up... There are 

ust more platforms now.” They discussed various combinations of 

ocations, situations, individuals, and methods that have led to the 

iscovery of new talent. This research established shared themes 

rom these interviews on methods of identifying new musical tal- 

nt and categorised them into three main categories: traditional 

couting, digital scouting, and recommendations from their net- 

ork. These three categories are discussed in detail in the subsec- 

ions below. In the scouting process, experts emphasised that the 

rowth of the internet has increased the number of products that 

re available for digital scouting and indicated the growing impor- 

ance of this over other methods. 

.2.1. Traditional scouting 

Traditional scouting, according to experts in mental model in- 

erviews, encompasses in-person activities that A&R uses to dis- 

over new talent and includes activities such as attending live per- 

ormances, listening to music on the radio, and reviewing busk- 

ng performances. The differentiation of traditional scouting from 

ther methods is that it has been used consistently throughout 

he history of music labels and requires no additional tools or in- 

ividuals beyond the expert themselves. For example, Expert #9 

tated: “The conventional method of going to gigs is a huge part of 

alent scouting... I think there is always something different about 

oing and seeing somewhere live because you can browse reaction 

nd see what is actually happening with the artist with their mu- 

ic”. However, the actual day-to-day process can be influenced by 

xperience, location, and the expert’s understanding of the mu- 

ic industry and by knowledge of the environment such as know- 

ng which venues to attend, which radio channels to monitor, and 

hich cities have new performances. This method has become less 

mportant because of limitations in terms of geographical and tim- 

ng constraints as well as the growth in the importance of digital 

couting and the efficiency of network recommendations. Addition- 

lly, this form of scouting was more restricted during the Covid-19 

andemic when live performances were either banned or poorly 

ttended. 

.2.2. Digital scouting 

The majority of experts stated that digital scouting was cen- 

ral to their day-to-day work. It was described by Expert #5 as 

he process of finding talent using various sources on the inter- 

et: “Searching through new music that has been released online to 

oundCloud, YouTube, whatever that may be. There are a lot of acts 

ut there that can be heard by doing that type of A&R. There is also

 lot of talent out there to be captured.” It should be noted that, in

ost experts’ descriptions, digital scouting shares a lot of similar- 

ties with traditional scouting. Tasks that were once accomplished 

n traditional scouting are replicated online, with the internet as 

 new medium allowing access to talent beyond the geographical 

nd time restrictions of traditional scouting. However, sources in 

igital scouting are not limited to replication of traditional scout- 

ng such as consumption platforms like Spotify and SoundCloud; 

here are also new ways of finding new talents such as social me- 

ia like Facebook or TikTok, internet TV on YouTube, and blogs 

ike Tumblr. Also, as the internet retains talent and performances 

or longer, digital scouting has greater availability of content, al- 

hough this greater quantity also provides a challenge in dealing 

ith the volume of information during the initial evaluation of 

ontent when compared to other methods with smaller pools of 

ontent, which will be discussed in Section 4.3.1 . 

.2.3. Recommendation from a network 

Recommendations from network connections within the music 

ndustry are a longstanding source of new musical talent. Expert 
328 
10 said: “Because we have been around for a long time, we get ap- 

roached by most people and most people know that we are around 

o send a track to.” Connections such as music professionals, artists’ 

anagers, lawyers, DJs, and radio hosts are exposed to potential 

usic talent as part of their job and can bring these to A&R’s at- 

ention. They can recognise A&R’s preferences and suggest talent 

or consideration that closely aligns with their interests and exper- 

ise. However, talent identified by this network is heavily depen- 

ent on A&R staff having a good network within the music indus- 

ry resulting from their length of time working in the industry and 

ocial skills, as they need to build a network before they can make 

se of them. 

.3. Mental model of evaluation on music talent 

The expert model of A&R’s evaluation, as shown in Fig. 1 , shows 

hat their signing decision is based on an assessment of their po- 

ential to become a hit. There is, however, no universal consen- 

us on the definition of a hit. Various quantitative and qualitative 

efinitions have been proposed. The quantity has included mea- 

ures such as audience size, streaming size, and physical sales. 

side from the measurement, the actual quantity that determined 

hether talent would be a hit was also subjective to the individ- 

al expert. For example, Expert #2 stated: “I would look at stream 

nd said that is a hit song and then I would look outside at the sin-

le chart and I think that make me slightly different from other people 

ince I think the chart is still important. Some people nowadays go for 

tream only... because there are less song in chart and they stay for 

uch longer now”. Other definitions are based on qualitative cri- 

eria such as star quality and mega personality. These traits and 

escriptions come from individual A&R staff members’ preferences 

nd cannot be easily quantified but they are integral to the deci- 

ion to sign new musical talent, as described by Expert #2: “The 

orld is full of talent, but not full of stars. So many times, they can

efinitely come in and sit with you and they sell you on the idea of

hem as a star. We are all here because of the star. That is what we

re looking for.”

Beyond the definition of a hit, there are also other business fac- 

ors that affect the evaluation of musical talent including personal 

references, budget considerations, the genre of focus for the mu- 

ic label, the choice of performance or performers, and perceived 

isks. Expert #7 described this in terms of “balancing the roster”

eferring to the idea that the expert may put the music label’s 

nterest in talent over consideration of future success: “I think as 

part of] a label, we are responsible for balancing their roster, but at 

he same time, I think individuals taste normally bring in artists that 

re more successful, we want to work with what we are passionate 

bout.” This aspect of music labels plays a role in their consider- 

tion, but the focus of their evaluation, as shown in the mental 

odel, is the likelihood that talent will become a hit. 

Overall, the resulting expert model of evaluation criteria is sum- 

arised in Fig. 1 . The two stages of evaluation coincide with a sys- 

em of thinking as described by ( Kahneman, 2011 ): fast, intuitive 

hinking (System 1) used for sub-conscious decision-making, and 

etailed logical thinking (System 2) used to solve a complex prob- 

em. The decision process starts with fast decision-making that fil- 

ers talent with a low likelihood of success, followed by a more de- 

iberative process that estimates the future success of the remain- 

ng musical talent considering information about the performance 

nd performers. The performance is central, but information about 

erformers also has an important role as described by Expert #3: 

We sign the artist, not just the track. First, you would listen to music, 

ut then you would want to meet the person to understand who they 

re and get the measure of them.”
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Fig. 1. Discovered mental model of A&R evaluation of musical talent likelihood of success. 

Table 3 

Criteria during the initial evaluation of the likelihood of success. 

Trait of interest Description Variables that are used to 

measured and define trait 

Description of variable 

The minimum quantity of 

audience reaction 

Performance that generates enough 

support from a public audience is 

considered for further evaluation 

Quantity of audience, 

discussion, comments, etc 

Quantity of consumption and 

discussion on online and offline 

platforms about musical performance 

Minimum quality of musical 

performance 

Music that has inappropriate quality 

in terms of production sounds are 

likely to be unsuccessful 

A&R’s judgement A&R evaluate musical performance 

quality as sufficient for further 

evaluation 
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.3.1. Initial evaluation of musical talents 

The initial evaluation focuses on the talent. Experts want to fil- 

er out those that are unlikely to be successful. The process focuses 

n issues such as the minimum quantity of audience and mini- 

um quality in the performance, as evidenced in the description 

y Expert #6: “Usually, most of the stuff is not of interest, I can easily 

eject eighty per cent of the content. It is just too much, but the rest,

nless there is a clear indicator, then it is about the gut, it just has

o be gut.” It is important to note that, while the expert above may 

ave described the next stage of decision-making as based on gut, 

he same expert testimony in a later part of the interview sug- 

ests otherwise, as can be seen from their responses in Table 2 . 

verall, as described in Table 3 , experts use the heuristic of a min-

mum musical quality in performance or a minimum quantity of 

udience, such as the number of audiences on a streaming plat- 

orm as the decision rule for whether to consider talent in detailed 

valuation. 

.3.2. Detailed evaluation of musical performance 

A detailed evaluation of talents is akin to System 2 thinking 

nd a critical part of decision-making. The evaluation of the tal- 

nt’s likelihood of becoming successful involves both qualitative 

nd quantitative criteria. It includes information surrounding per- 

ormances that must be acquired to support the evaluation pro- 
329 
ess, through either direct measurement or secondary information. 

ooking at quantitative information, the reaction from audiences 

s one such criterion that can be assessed through measurements 

uch as the reaction to live performances, views on streaming plat- 

orms, and sales of music. Audience reception is an important fac- 

or that can be directly associated with potential revenue. Experts 

ompare this with past performances, using these as benchmarks 

f both past success and failure. Benchmarks are chosen based 

n the similarity of genre, composition, and origins of the perfor- 

ance. These quantitative comparisons of audience response are 

rucial as described by Expert #3: “Definitely, I do rely on my expe- 

ience... maybe the one that did not work and said okay, I learned my 

esson with that, but everything is always changing.”

A&R also looks at the quantity of support from programme 

chedulers at radio stations, social media influencers with large 

ollowings, content managers on streaming platforms, etc. These 

eople have experience and an understanding of public audiences’ 

astes as well as the ability to utilise their platform to influence the 

ublic perception of musical talent. These support figures are used 

s indicators of success, as described by Expert #8: “I always check 

 couple of playlists on YouTube and SoundCloud on Monday morn- 

ng. Just to keep tapped of what is in-trend right now. Not a lot of

laylists, mind you, but there are a couple that I know I can rely on to

nderstand what is going on.” Experts also quantified support from 
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Table 4 

Quantitative criteria in detailed evaluation of musical performance. 

Trait of interest Description of trait Variables Description of variable 

Size of audience Performance with a large audience 

and greater likelihood of public 

discussion 

The quantity of audience and 

discussion 

The quantity of audience and 

discussion can be measured and 

assessed through social media, 

physical sales, and streaming 

Support from 

influential industry 

figures 

Performance with a large quantity of 

support from influential figures such 

as DJs and radio hosts are more likely 

to become successful 

Quantity of influential figures’ 

supporting the talent 

Level of articles and discussion from 

influential figures on social and news 

media 

Support from 

internal stakeholders 

Music that is favourably evaluated by 

a large number of internal experts is 

more likely to be successful 

Quantity of internal 

stakeholder support 

Other expert viewpoints are gathered 

through direct discussion or through 

interest from competitors. 

Table 5 

Qualitative criteria in the evaluation of musical performance. 

Trait of interest Description of trait Variables Description of variable 

Audience’s reaction Performance that generates a positive 

reaction from the public audience is 

more likely to be successful 

Subjective assessment of 

audience reaction 

Quality of audience reaction can be 

directly measured or through social 

media, radio, physical stores, and 

streaming 

Quality of 

performance 

Performance with appropriate quality 

of production is more likely to be 

successful 

Subjective judgement Experts evaluate musical 

performances for quality of 

production focusing on vocals, 

instruments, and tone 

Memorability Music performance that is memorable 

is more likely to be successful 

Subjective judgement. Experts evaluate musical 

performances for memorability and 

evaluate digital/real-life repetitive use 

of performances in video, audio, and 

other forms 

Uniqueness Performances that have a different 

sound from other performances are 

more likely to be successful 

Subjective judgement. Subjectively evaluate performance for 

the uniqueness of the sounds. 

Fitness-with-time Performances that fit in with other 

popular musical performances are 

more likely to become successful 

Subjective judgement Experts evaluate musical 

performances and compare them with 

other works that are currently popular 

with the public 
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ithin the music label, such as their superiors, peers, and subordi- 

ates. This reliance on selective influential figures internally could 

otentially result in confirmation bias in that A&R could seek opin- 

on that is aligned with their thoughts and ignore others. However, 

xperts believe in the potential validation and improved accuracy 

f this information. The majority of experts relied on partnerships 

ith trusted colleagues in their assessment. Overall, Table 4 sum- 

arises these aforementioned quantitative criteria to evaluate mu- 

ical performances in detailed evaluation. 

As quantitative criteria may not be available, such as if the mu- 

ic has not been publicly released, experts also consider qualita- 

ive information. There is a competitive and monetary advantage in 

he ability to evaluate talent directly before other music labels that 

ely only on the audience and external validation. The overview of 

hese criteria is listed in Table 5 . Experts compare these qualities 

ith similar performances to assess the likelihood of becoming a 

it. The first of the criteria is the quality of music. This can be

est described by a statement from Expert #6: “If I can say that it 

ounds like a hit, then that is just the quality of the song, it is just

s simple as that.” The quality is believed to be easy to ascertain as 

art of the initial evaluation in the mental model interviews, but 

he interviews also show that the descriptions of preferred qual- 

ty were highly subjective and varied depending on the expert and 

enre of interest. Examples included lyrics, the balance of the au- 

io, the skill set shown on various musical instruments, and the 

ocal ability. Another qualitative criterion of performance is mem- 

rability. This was described in terms of whether the performance 

an be recalled in a person’s mind and embedded in their mem- 

ry after their initial listening. This ability to capture audience at- 
c

330 
ention beyond the listening period is a trait of successful perfor- 

ance according to Expert #4: “This music would have a hook that 

s memorable... If I can hum to a song after a few listens through, 

hat is an interesting starting point.” This is also known as the “stuck 

ong” syndrome and ear-worm effect. There are methods of assess- 

ng this memorability such as measuring the repeatability of the 

horus of the performance by an audience and subjective observa- 

ion of the public mentioning it through media, social media, and 

eal-life conversations. 

The last two qualitative criteria are uniqueness and fitness with 

ime. Uniqueness is a feature that indicates dissimilarity to other 

erformances. The ability to stand out in a crowded market is of 

nterest, as described by Expert #7: “There are normally three things 

hat I look for, one of them is a unique vocal. It does not have to be

he greatest most technical vocal ever, but it should be recognisable 

y people on streaming in 30 seconds.” However, experts considered 

his in balance to fitness with time, which describes how the per- 

ormance must not be entirely out-of-place with current trends. 

it songs should be in alignment with the current sound and trend 

n music, adopting instruments, tempo, beats, or vocals that are 

idely popular with the audience. Overall, this creates a conun- 

rum in which experts adjust their assessment of the likelihood of 

uccess based on information about the uniqueness of the perfor- 

ance to take into account the likelihood of it being out-of-touch 

ith the public taste. 

.3.3. Detailed evaluation of musical performers 

At this stage experts also consider quantitative and qualitative 

riteria on performers such as public perception, their story, exist- 
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Table 6 

Quantitative and qualitative criteria in the detailed evaluation of musical talent. 

Trait of interest Description of trait Variables Description of variable 

Size of talent’s following Quantity of followers on mediums such as 

social media or streaming platforms. 

Quantity of Followers Quantity of followers on mediums such as 

social media or streaming platforms. 

The size of the audience for 

past performances 

Performer’s past work, both successful and 

unsuccessful projects, will influence the 

assessment of future success 

Quantity of audience reaction Quantity of the audience on the performer’s 

past work. 

Support from industry figures Artists that are favourably rated by influential 

figures in the industry are more likely to be 

successful. 

Quantity of support Number of discussions from influential 

figures, such as radio and playlist organisers 

is important 

Support from internal 

stakeholders 

Artists that are favourably rated by the 

decision maker in the company will have 

more support if signed. 

Quantity of support Number of support from the decision maker 

in management can allow for greater 

monetary support 

Talent’s visual and brand Performers that aligned with public 

perception are more likely to be successful. 

Subjective judgement Performers dressed or present themselves in 

alignment with public expectation. This can 

also be measured through market research 

Talent’s story Performers with an appropriate story increase 

their probability of becoming successful 

Subjective judgement Performer’s background and fitness for use in 

a musical performance. This can also be 

assessed through comments on social media 

and market research 

Talent’s work ethic and goal Working mentality and desire to be 

successful. 

Subjective judgement Subjective evaluation of artists through 

discussion and observation. 

Quality of talents’ followers Reactions from followers to performer’s 

communication on social media and 

traditional media. 

Subjective judgement Reaction from followers to performer’s 

communication on social media and 

traditional media. 

Audience’s reaction to past 

performance 

Performers with a positive energetic following 

is more likely to be successful 

Subjective judgement Audience reaction to performer’s past work 

on, quality, and similarity with new 

performances 
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ng following, past performances, ability to perform live, and work- 

ng mentality. These are detailed in Table 6 . This information, in- 

icating how the public perceives talent, includes important fac- 

ors in evaluating the likelihood of talents becoming a hit as this 

s described by Expert #6: “I think about the media, who would be 

y champion in the media, who would support it from online press 

o radio, to get into radio eventually”. The first criterion considered 

round performers is public perception which has been a long- 

tanding factor and has grown in importance due to the expansion 

f the internet as described by Expert #8: “A track might not be 

nough... There were a lot of projects that I would not be surprised 

o say that we like what you are doing, but we need to see more

f you as an artist [before making a decision].” Experts considered 

ow this perception could enhance experience and fondness for 

he talent by looking at a performer’s characteristics such as pre- 

entation, personality, and style. They also look at the background 

tory which could shape an emotional connection between the au- 

ience and the performer. These are evaluated through the con- 

ection between public perception of the story that the performer 

as and their musical background. Examples included a hip-hop 

rtist aligning in their visual style and story with audience expec- 

ations of hip-hop artists, an exhibition of unique standout con- 

ent in social media, and a story that resonates with their key 

udience. 

The next criteria are both quantitative and qualitative. The size 

nd sentiment of existing followers are a measurement of how 

uccessful the performer has been in the past. Performers with a 

arge active passionate existing following are more likely to be suc- 

essful as they have demonstrated evidence in the past and could 

enefit from existing sources of support to generate revenue on 

 new project. Similarities and differences between performances 

nder evaluation and those that were released in the past are also 

ooked at to identify how past performances can potentially influ- 

nce a new release. Experts believe that performance that is simi- 

ar to past success is more likely to be successful. Experts also as- 

essed the ability of the artist to deliver in an engaging manner 

ith an audience during a live show, which is of great importance 

ven during Covid with real in-person performance being replaced 

y live streaming with video. 
331 
Work ethic is another important consideration as described by 

xpert #5: “I have worked with . Great musi- 

ian, but he is happy to just stay at home and enjoy the money that 

e got from his first release rather than travel around on a tour. You 

an’t force them to change who they are.” A performer that is pas- 

ionate and driven is more likely to be successful, either by qual- 

ty or quantity of performance released. Finally, opinions of other 

nternal and external experts on performers also impact the evalu- 

tion, similar to the assessment of the performance itself. Experts 

ely on figures in the industry to tune their judgements and fill in 

he missing information. Overall, qualitative and quantitative infor- 

ation about the performers, have an impact on the assessment of 

uture success. 

. Framework for the decision support system in the musical 

alent signing process 

Based on the experts’ mental model, we propose a framework 

or a DSS to support A&R experts in signing new musical talent 

s shown in Fig. 2 . It includes a process to discover new musical 

alent and the evaluation of potential talent to inform the decision 

n whether to sign them. The framework itself can be used to help 

esign a future DSS for any music label. 

.1. Framework on the scouting of new musical performance 

The framework for scouting, shown in the first half of Fig. 2 , 

istinguishes between digital scouting, where the DSS should be 

irectly involved in the process, and manual addition by experts 

f talent from network recommendations and traditional scouting. 

igital scouting presents a significant opportunity to achieve ben- 

fits from a decision support system because of (1) the interest in 

his from experts, (2) the ease of interaction between a DSS and 

hese sources in comparison to the time-consuming nature of di- 

ect engagement by the expert, and (3) the fact that the current 

&R process can be easily replicated. A DSS will simply automate 

nd scale the job that experts are doing to a larger pool of talent. 

or example, monitoring for new talent on streaming platforms 
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Fig. 2. Proposed DSS framework on A&R signing of musical performance. 

Table 7 

Type of source in digital scouting and implementation framework for DSS. 

Source Description of the source of interest DSS implementation policy in framework 

Streaming platform Platforms to temporarily rent music to audiences 

such as Spotify, SoundCloud and Deezer 

Good source, new talent can be discovered by referencing the 

date that they joined the platform. Should be 

cross-referenced with social media and distribution platform 

Distribution 

platform 

Platforms to digitally sell performances such as 

iTunes and Google music store 

Good source, new talent can be discovered by referencing the 

date that they joined the platform. Should be 

cross-referenced with social media and streaming platform 

Social media Platforms for sharing opinions and social media such 

as Facebook, TikTok, Instagram and Twitter 

Focus on popular discussions of interest to experts. Limited 

source so DSS should focus on gathering names, distribution, 

and streaming platforms to expand upon 

Other platforms Any potential source of information that may 

introduce new talent such as online stores for tickets 

to live performances. 

Very limited source. DSS should focus on gathering names, 

social media, distribution, and streaming platform locations. 
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ased on release dates can be automated with a DSS. Table 7 sum- 

arise various digital scouting sources and how a DSS would deal 

ith them. 

.2. Framework on initial evaluation of new musical talent 

The DSS, based on the expert model, should adopt a decision- 

ule approach in the initial evaluation to filter performances based 

n Slowinski et al. (2009) . This initial evaluation ensures that the 

alent has a minimum quantity of existing support or a minimum 

uality of audio according to criteria set by the expert. First looking 

t existing support for talent, the DSS extracts audience qualitative 

nd quantitative information such as the number of streams and 

entiment on the talent from sources such as social media, stream- 

ng platforms, and distribution platforms. In terms of the quality of 

usic performance, MIR can be used to extract qualitative features 

f the performance as a quantitative representation such as a vocal 

ote, bpm, and tone. These can then be used as features for ma- 

hine learning models to classify performances in terms of fitness 

ased on experts’ past decisions. 

It is important that these decision rules are grounded in the 

ontext of time and performance type, such that the value of min- 

mum aggregate streams in the decision rule is in comparison to 

he days that the talents were available to the public with ad- 

ustment required for a longer or shorter period of evaluation. 

quation (1) represents a decision rule, with 1 for Pass repre- 
IE 

332 
enting talent that has the potential to be successful and 0 repre- 

enting talent that does not. The criteria of audience reaction (for 

xample minimum quantity of streams on Spotify at time x) and 

inimum quality of talents (for example alignment in chords) are 

r n and Mq m 

, respectively. This is compared to an expert’s thresh- 

ld of τMq and τAr . W Ar n and W Mq m are the importance of audience 

nd music quality as decided by the decision maker. 

ass IE = 

⎧ ⎨ 

⎩ 

1 if 
∑ j 

n = i W Ar n Ar n + 

∑ l 
m = k W Mq m Mq m 

> 

∑ j 
n = i W Ar n τAr 

+ 

∑ l 
m = k W Mq m τMq 

0 else 

(1) 

Given two criteria are included, the importance of W Ar n and 

 Mq m can be adjusted so that one or the other criteria could be 

ufficient for the talent to pass this initial evaluation. Given that 

udience reaction can change over a period of time, this initial 

valuation process is done repeatedly on each talent as seen in 

ig. 2 . These initial tasks, as currently done by a human expert, 

re time-consuming and prone to errors due to time limitations 

nd the volume of material to evaluate. The DSS will allow A&R to 

ocus their energy on detailed evaluation assisted by subsequent 

rioritisation and information from the DSS. 

.3. Framework on detailed evaluation of new musical talent 

In detailed evaluation, the role of the DSS as shown in Fig. 2 ,

s to prioritise talent based on quantitative and qualitative crite- 
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Table 8 

Quantitative criteria for musical talent’s success and the role of DSS as suggested in this framework. 

Trait of Interest Description of trait of interest DSS Application 

Audiences’ 

Quantitative 

Reaction 

Audience quantity measured online and offline such 

as Spotify stream, YouTube play and ticket sales 

Data collection. Generate statistical comparison and benchmark from 

a specific time and groups using historical data 

Followers Followers or supporter base can be measured such as 

social media support and membership of Patreon 

Data collection. Generate statistical comparison to benchmark from 

specific time and group using historical data 

Past reaction Previous support based on other performances Data collection of quantity and established benchmark for 

comparison based on historical data 

Table 9 

Qualitative criteria for future musical talent’s success and the role of DSS as suggested in this framework. 

Trait of Interest Description of trait of interest DSS Application 

Audience 

qualitative 

reaction 

Sentiment relating to talents/performances on social 

media and reaction during live performances 

Data collection and sentimental extraction using natural language 

(NLP) processing and computer vision 

Music quality Subjective quality of performance in terms of vocals 

and instruments, individual and in collaboration with 

each other 

Data collection and music information retrieval to imitate expert 

judgement of the quality of performance 

Music 

memorability 

Subjective memorability of performances, particularly 

on a hook/chorus portion of the vocal and rhythm 

throughout. 

Using acoustic analysis of MIR and NLP to identify memorability 

through similarity with benchmarks. 

Uniqueness/Fitness 

with time 

Subjective uniqueness contrasting with alignment to 

the currently popular practice 

Data collection and summarising of the current musical trends based 

on the popular charts and social media along with MIR and NLP 

which can be used for comparison 

Performer’s 

brand and back 

story 

Subjective assessment of talent’s background and 

aesthetics that align with public taste and expectation 

Data collection and summarisation of current and performer 

characteristics through natural language processing and computer 

vision 
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ia that the expert considers crucial for future success before pre- 

enting these along with necessary information for A&R consider- 

tion of signing. Starting with quantitative variables based on the 

xpert model, the DSS should consider audience reaction, follow- 

rs, and past performances. These quantities are described in more 

etail in Table 8 and must be considered in the context of time 

uch as aggregate, recent, and future values. They must also be 

ormalised using a comparable product or target as a benchmark. 

n example would be the aggregate, recent, and future number of 

treams for performances on Spotify, normalised to values from a 

enchmark of similar music performance. For qualitative variables, 

he DSS should transform unstructured data into quantitative vari- 

bles measuring audience reactions, quality, memorability, unique- 

ess/fitness with time, and the back story of the talent. Examples 

ould be social media text representing audience reaction, vocal 

uitability to the music performance, and talent’s representation in 

ive performances. This can be done through natural language pro- 

essing, computer vision, and MIR. Table 9 shows these traits and 

ethods to extract and quantify such information. 

Aggregated methods such as weighted sum are preferred over 

ther methods owing to their ability to deal with various criteria, 

heir interpretability, and their computational speed, which allows 

or re-evaluation over various criteria choices. Other methods that 

ere considered, such as outranking, are discussed in detail in the 

iscussion section, Section 8 . Equation (2) represents such evalu- 

tion, with variables normalised to benchmarks and weighted for 

mportance by the expert. Quantitatively, Ar n represents audiences’ 

eactions to the performance, which may be further split according 

o time comparison and the platform of interest, F o n is perform- 

rs’ followers, and P r n is the audience reaction to previous perfor- 

ances. Qualitatively, Qr n represents audience reactions, Mq n rep- 

esents the judgement of music quality, Mm n represents memora- 

ility of music, UnF t n is the variable that represents uniqueness 

nd fitness with time in relation to each other, and P s n represents 

he talent’s story. W represents the importance of each criterion 

or the expert. 
b
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uccess Likelihood = 

j ∑ 

n = i 
W Ar n Ar n + 

j ∑ 

n = i 
W F o n F o n + 

j ∑ 

n = i 
W Pr n Pr n + 

j ∑ 

n = i 
W Qr n Qr n + 

j ∑ 

n = i 
W Mq n Mq n + 

j ∑ 

n = i 
W Mm n 

Mm n + 

j ∑ 

n = i 
W UnF t n UnF t n + 

j ∑ 

n = i 
W Ps n Ps n (2) 

In presenting this score, representing the likelihood of suc- 

ess, the DSS prioritises talents for consideration to A&R based on 

his likelihood with higher scores needing more urgent evaluation. 

he system, in doing this, must ensure that information used in 

he prioritisation is also provided in an intuitive and interpretable 

anner. It must provide suitable values and visualisations to al- 

ow the expert to understand the recommendation in a transparent 

anner. 

. Testing the framework with an implementation 

To evaluate the framework, a DSS was implemented with an 

&R team of five people in the UK focusing on dance music. Based 

n the finding about digital scouting, this is central to A&R’s DSS 

mplementation in this evaluation. The system automates the iden- 

ification of new talent by replicating and expanding on man- 

al work done by A&R on social media and streaming platforms. 

he exact platform and process are not detailed, at the request 

f the company, but a total of four platforms are used to identify 

ew talents socialmedia 1 , streaming 1 , streaming 2 , and streaming 3 . 

n this context, discovered contents are performances on one of 

he streaming platforms, which are the focus of the music label, 

ather than the performers. In socialmedia 1 , which is a text and 

mage social platform, talent is discovered through a search of key- 

ords that the expert stated are used by the public to discuss mu- 

ical talents. This is then matched with talent on streaming plat- 

orms so that the output from social media is in terms of perfor- 

ance on either streaming 1 or streaming 2 . On both streaming 1 and 

treaming 2 , talent is also discovered by monitoring for new talent 

eing added to specific groupings that the expert is interested in. 
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Fig. 3. Implementation of DSS for scouting of musical talents. 

Fig. 4. Implementation of DSS for evaluation of musical talents. 
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inally, streaming 3 is monitored for all new talent. An overview of 

his is shown in Fig. 3 . 

In the next stage of evaluation, performances with at least 14 

ays of historical data are initially evaluated through a decision- 

ule filter based on the quantity of audience and quality of per- 

ormance. On all three streaming platforms, the quantity of audi- 

nce is based on aggregate consumption of views and listening. 

uality is based on the similarity of music quality to a group of 

erformances in the same genre based on MIR. Rejected music is 

etained for re-evaluation as new information on the quantity of 

udience can change over time. Equation (3) , which is based on 

q. (1) in the framework, describes this process based on aggre- 

ate consumption ( Consumption ) and quality of music ( Music Quality ) 

ompared to a threshold ( T hreshold X ). The overview of this stage 

an be seen on the left side of Fig. 4 . 
f
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 ass IE = 

{ 

1 if Consumption > T hreshold Cons and Music Quality 

> T hreshold Quality 

0 else 

(3) 

The second part of the detailed evaluation is based on quanti- 

ative and qualitative criteria that the expert uses in their decision 

s listed in the framework. The likelihood for the performance to 

ecome successful with the public ( success q ) is based on the au- 

ience size, the qualitative response from the followers, and the 

uality of the musical performance itself. Each performance is eval- 

ated using only data from the same platform and is normalised in 

elation to performance from the same genre and time frame on 

he same platform. For example, the aggregate audience number 

rom streaming is normalised against the highest aggregate audi- 
1 
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nce number of a performance from streaming 1 of the same genre 

ithin the three previous months. It must be noted that not all 

riteria from the framework are used due to limitations of the im- 

lementation and the requirement that is set by the user for the 

rial. 

Starting with audience size, each of the streaming 1 , streaming 2 , 

nd streaming 3 platform has a similar measurement for online au- 

ience number. This audience is broken down into four variables 

f aggregate consumption ( Agg), recent consumption ( Rec), forecast 

f consumption in the future ( P ro), and reliability of data ( Rel). On

he qualitative response from the followers ( F ol), comment on per- 

ormance on streaming 1 and streaming 2 are collected and natural 

anguage processing is used to extract audience sentiment on the 

erformer and performance on a scale from negative to positive 

anging from −1 to 1. If no comments are found or the platform 

oes not have a comment function then the weight is adjusted 

o zero. Lastly, the quality of musical performance ( Qua ) is mea- 

ured using beat, tempo, and mel-spectrogram, based on similar- 

ty to desired performances in each genre selected by the expert. 

hese quantitative and qualitative variables are scaled between 0 

o 1 and weighted according to individual experts’ preferences. W 

s the weight of importance for the criteria as assigned by an ex- 

ert, which must total 100 per cent across all criteria. 

Finally, the variable P r ior ity is used to rank performances based 

n the likelihood of success ( P rob Success ) and preference by the ex- 

ert. This is based on Eq. (2) from before, with success adjusted by 

 multiplier based on decision maker preference for genre, tempo, 

nd emotion ( P re f G , P re f T , P re f E ). If the selection of the perfor-

ance matches either of these three, an extra multiplier between 

 and 1.1 is used resulting in a final priority that is more aligned

ith their preference. On the contrary, the priority will immedi- 

tely be set to 0 and filtered out ( F il G , F il T , F il E ) if the performance

s on the list of characteristics not desired by the decision maker. 

he formula is seen in Eq. (4) . 

 rob Success = 

W Agg Agg + W Rec Rec + W Pro P ro 

Rel 
+ F o l ∗ W F ol + Qua ∗ W Q

 r ior ity = Success Quant itat i v e ∗ ((1 + P re f G ) ∗ F il G ) ∗ ((1 + P re f E ) 

∗ F il E ) ∗ ((1 + P re f T ) ∗ F il T ) (4) 

he final output is a list of performances ranked according to ex- 

ert criteria, filters, and preferences. The DSS supports experts in 

heir subsequent consideration of the performances with informa- 

ion deemed to be crucial to consider, such as actual quantitative 

nd qualitative variables used in prioritisation, information on the 

erformer, samples of the performance audio, and artwork used for 

he performance. 

. Evaluation of the implementation of the decision support 

ystem 

In evaluating the implementation, five experts were asked to 

tilise the DSS for three months between December 2019 and 

ebruary 2020. The quantitative assessment compared manual 

valuation that was done by experts without DSS support with 

valuation by those with DSS support, based on three numerical 

ndicators: the quantity of performances discovered, the quantity 

f performances analysed, and the quantity of performances found 

o be of interest to the decision maker. As seen in Fig. 5 , in two

f these criteria, the quantity of discovered and analysed perfor- 

ances, the DSS showed a clear increase in the quantity perfor- 

ances processed compared to previous human evaluation. Previ- 

usly, the process averaged 10 0 0 initial evaluations per day, with 

one being looked at during the weekend. In contrast, the DSS dis- 

overed around 16,0 0 0 performances per day, which were then fil- 

ered and prioritised to 580 per day for decision maker consid- 
335 
ration. However, the third evaluation criterion of successful rec- 

mmendations that resulted in the decision to pursue signing still 

veraged two musical performances per month, which is approxi- 

ately equal to the current A&R process. Overall, we were able to 

how clear quantitative improvement in two areas of evaluation. 

In qualitative evaluation, we want to ensure that the quantity 

ncreased corresponds to an improvement or parity in the evalu- 

tion by DSS. To ensure this, five experts were asked to provide 

ualitative feedback on their experience of using the DSS to find, 

valuate, and sign new musical talents. They were asked to dis- 

uss the overall quality of content in an initial and detailed eval- 

ation, particularly using specific examples from the three months 

f implementation in their explanation. They were also asked to 

ontrast the quality of performance discovered, filtered, and rec- 

mmended working with and without the DSS. Overall, we sum- 

arised the finding into three key areas of interest that were men- 

ioned. These are listed in Table 10 . We found that the quality was

imilar between the evaluation before and with DSS. This achieved 

ur main goal of ensuring that A&R is able to reduce their respon- 

ibility on initial discovery and filtering and focused on detailed 

valuation and preference choice. 

. Discussion 

This section discusses the limitations and future research av- 

nues. Starting with limitations, as the experts interviewed were 

olely working in the United Kingdom, that country’s unique sta- 

us as a major source and distributor of musical performers and 

erformances may have an impact on the expert process ( Cloonan, 

016 ), skewing the importance on criteria. For example, the ability 

o perform live may be less important. It is important to conduct 

imilar work in other regions to validate the expert model. It is 

mportant, though, to note that we found a strong alignment be- 

ween our work and other studies into A&R in Poland ( Galuszka 

 Wyrzykowska, 2017 ) and the Netherlands ( Zwaan & Ter Bogt, 

009 ). 

In our framework, the initial evaluation is a decision rule. This 

an result in a border effect, with a sharp threshold ( Slowinski 

t al., 2009 ) between those accepted and rejected. However, the 

nitial evaluation is redone regularly based on new information on 

udience number and the border is updated based on the expert’s 

nput. This led us to consider this limitation to have a minimal 

mpact since each performance has a chance to show its merit 

ver time. In detailed evaluation, there are a number of crite- 

ia, discovered in the mental model, that are difficult to assess 

uickly at scale by both human experts and subsequently also by 

he DSS, such as uniqueness of performances and fitness with time 

 Kuroyanagi et al., 2019 ). These require in-depth study to measure 

nd translate them into quantifiable variables for MCDA method- 

logy. In this work, the research used MIR features and similarity 

etween the performance of interest and benchmark performances 

 McFee et al., 2012 ), as an alternative to directly assigning scores 

o these variables. 

There is also a question over which MCDA method should be 

sed for detailed evaluations by A&R. There is a need for methods 

hat are computationally fast, are accessible to users, and incor- 

orate intuitive adjustments based on different priorities for dif- 

erent genres. An example of the need for flexible criteria is the 

ifference between dance which put high importance on criteria 

f vocal quality, memorability, and tempo in contrast to slower 

unes such as Jazz ( Tzanetakis & Cook, 2002 ). This framework pro- 

oses utilising MCDA methods of the aggregation family to con- 

uct the assessment of alternatives. It has a time complexity that 

s O (n ) , with n as the number of alternatives, more interpretable 

or non-experts with an easy-to-understand output of higher as 

etter alternatives and has relatively simple granularity for the im- 
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Fig. 5. Comparison between contents evaluated by DSS in February 2020 on the left in blue with approximate contents evaluated per month in 2019 as done solely by 

experts on the right in orange. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Table 10 

Qualitative feedback from DSS’s user. 

Topic of Interest Feedback from Expert 

Quality of the content that was in the initial evaluation Experts found no significant change in comparison to a manual review by a human expert. 

Experts reviewed performances based on the evaluation process and were largely in 

agreement with those that passed the initial evaluation. 

Quality of the performance that was ranked in detailed 

evaluation 

Experts felt the system was able to replicate what a human would be looking at and 

prioritise performances according, but that the qualitative information such as quality of 

performance and sentiment behind them needs to be more transparent and may need more 

iteration. 

Integration of DSS into the workflow Experts feel that there is a clear benefit from DSS in the expansion of new performances 

discovery coverage, removal of contents that are not of interest, improved access to useful 

information, improved comparisons between performance, a useful ranking that align with 

their interest, and intuitive visualisations. 

Other comments There were questions about whether qualitative assessments could truly represent 

judgments on music quality as done by humans and that more qualitative sources were not 

included. Also, the content recommended by the DSS was not always original, but more 

granular preference filters could solve this. 
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ortance of each criterion. However, several outranking methods 

re arguably better in handling fuzziness in the decision-making 

rocess ( Vaidya & Kumar, 2006 ). For example, the ELECTRE fam- 

ly ( Figueira et al., 2016 ) offers the preference threshold, indiffer- 

nce threshold, and veto threshold to better capture the contextual 

nformation for a given decision problem. However, these methods 

equire more input and cognitive effort from the A&R expert than 

he aggregation methods. Therefore, the selection of the MCDM 

ethod turns out to be a trade-off between reducing the complex- 

ties in tool design against the usability of tool operation. This is an 

rea of investigation that could result in significant improvement 

n the future. Finally, expanding future work into different weight 

licitation procedures ( Riabacke et al., 2012 ) would be beneficial, 

articularly the ranking criteria with the SIMOS method ( Figueira 

 Roy, 2002 ). The elicitation of criteria weight was a challenge as 

een by the request for simplification by users. 
f

336 
Looking at the evaluation of the implementation, there is an 

qually low number of performances worthy of the contract for 

oth the DSS and manual A&R which presents a limitation on the 

alidation of DSS effectiveness. We believe that this is due to the 

ature of A&R in a small firm in which a signing is a significant in-

estment. Further research focusing on the difference in the sign- 

ng would need to be longer or on a larger label. Nevertheless, the 

esults provide a good indicator that the task can be replicated 

nd the integration of DSS into the decision-making process can 

e done. It also reduces the A&R’s concern over the fear of missing 

ut by enhancing the search coverage. 

. Conclusion 

This research proposed and evaluated a framework for a DSS 

or the signing of new musical talent. It is based on experts’ men- 
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al model discovered through open-ended structured interviews 

howing two stages of A&R process: discovery and evaluation. The 

iscovery stage is scouting for new musical talent from three dif- 

erent sources: traditional scouting, such as attending live perfor- 

ances at various venues; network recommendations, such as sug- 

estions from peers and colleagues in relevant industries; and digi- 

al scouting through social media and streaming platforms. Experts 

lso described growing reliance on networks and digital sources 

ompared to traditional sources. The evaluation process is split into 

wo stages, starting with an initial evaluation that aims to limit the 

ork in the next stages by filtering out content that is not appro- 

riate in terms of quality or has limited potential to be success- 

ul. Talent must achieve a minimum quantity of interest from the 

ublic and possess sufficient quality (with the definition of quality 

arying among experts). Talent which has passed the initial stage is 

hen evaluated in detail to assess their potential to be signed with 

riteria used for both performer and performance described in de- 

ail in Tables 8 and 9 . The framework also involves extracting and 

tilising quantitative criteria and qualitative criteria for initial and 

etailed evaluation, the use of rule-based methods for initial eval- 

ation, and the adoption of MCDA methods such as WSM for de- 

ailed evaluations by the DSS. The framework can be easily adapted 

or implementation in music labels of different sizes and focuses. 

inally, the researchers tested the framework by implementing the 

SS for a small dance music label. The results showed a major ben- 

fit of expanding the quantity of talents discovered and evaluated 

ver three months, while maintaining an evaluation process of a 

imilar quality as manual evaluation, according to five experts in 

he trial. 
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