Proceedings of the 5th NA International Conference on Industrial Engineering and Operations Management
Detroit, Michigan, USA, August 10 - 14, 2020

Profile-based Matching of Clients and Agents in Remote
Customer Support
Negin Mehrbod, Ahmad Mehrbod and António Grilo
UNIDEMI, Faculdade de Ciências e Tecnologia, Universidade Nova de Lisboa Caparica,
Portugal
n.mehrbod@campus.fct.unl.pt
Abstract
In highly competitive market, besides competitive price and quality, providing proper client support is a crucial factor
in increasing customer satisfaction. Since customer support provision mostly involves human interaction, selecting a
suitable agent that not only has necessary knowledge to handle a customer request but is also a proper match with the
customer from personality point of view can highly increase the probability of making the client satisfied with the
support service. This paper exploits machine learning techniques to train a model using history of the results of
previous interactions for selecting a suitable agent for a customer request based on the extended profiles of the agents
and the customer. Data analysis and machine learning algorithms have been applied to extend the profiles of the agents
and customers to help the model in selecting the best match based on the probability of success for an interaction. The
experimental results on the historical data of a large call center in Portugal show the proposed model can improve the
interaction success rate.
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1. Introduction
Nowadays companies encounter a highly competitive market. Surviving in such market requires intense effort to keep
the customers satisfied(Mehrbod et al. 2017a). While talking about the word competition in the market, most people
think about competitive prices and high quality of product which are definitely important, but also providing suitable
customer support is a critical factor. The quality of support services has a positive effect on customer satisfaction
(Aftab et al. 2016).
Improving customer satisfaction is very important since it influences customer retention and the long-term financial
success of organizations (Gilbert and Veloutsou 2006). It also impacts customer loyalty (Yee, Yeung and Cheng
2010). The success of service-based industries depends on constructing long-term relationships with their customers.
In addition to the importance of methods for attracting new customers such as marketing and networking(JardimGoncalves et al. 2013), existing customers are also important. It is much affordable to sell new products to existing
customers than to open new markets (Kumar 2010). The probability of selling to an existing customer is about 60%
to 70%, while the probability of selling to a new customer is about 5% to 20% (Bendle et al. 2016).
In order to make abiding relationships with customers, service providers need to have a good understanding of their
clients and have effective interactions with them. Knowledge about clients’ feelings and interests, helps the providers
to realize which service increases their satisfaction level and what behavior makes them happier.
Comparing to human individual relationships, a commercial interaction can be shorter. A long-term relationship
between individuals makes it more probable to know the emotions, feelings, and interests of each other. Since having
interactions over time, causes a better understanding of each other. Whereas, most client-agent communications in the
industry are short-term relationships. According to the lower number of employees in comparison with the number of
clients, resource management does not allow spending a long time for each client and the providers need to have
profitable communication in a shorter time(Mehrbod et al. 2017b). Consequently, managers are looking for solutions
to have effective interactions with the clients in a short time to get their attention and make them satisfied with the
provided service.
Choosing an appropriate agent for providing the support service will make it more pleasant and agreeable for the client
and consequently more profitable and low cost for the company. This requires finding more compatible pairs of client-
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agent according their characteristics. In this way, exploiting the experience of past interactions between clients and
agents can be a solution to find a suitable pair to have effective and successful communication.
The experience comes from the history of interactions tells us which types of people may have more effective
communication to gather. Nowadays most of companies uses customer management systems to record information
about their clients and the history of their interactions. In this work, we proposed a model to find the proper agent to
handle a support request based on the profile of the agents and the client. The model uses the history of successful and
unsuccessful interactions to choose an agent that can have higher probability to handle the request successfully based
on their profiles. In other to enrich the profiles of the agents and the customers to get better matching results, the model
exploits the history of activities of clients and agents to enhance their profile used in the matching process.
The rest of this paper is organized as follows: Section two provides a review on the background of this research,
section three describes the theoretical and concept of the model, and section four, explains the details of the training
model and experimental results. Finally, section five concludes this research work.

2. Background and Similar Works
2.1 Customer and Agent Profiling

Profiling means characterizing a person with a list of attributes. Each individual is considered as a profile of data
(Bounsaythip and Rinta-Runsala 2001) in a dataset. Customer profiling enables companies to personalize their
services for clients. This makes it possible to provide appropriate services to individuals based on available knowledge
about their preferences and historical behavior (Adomavicius and Tuzhilin 2001). It also helps companies to determine
potential customers and apply relationship management to develop more efficient marketing strategy (Bounsaythip
and Rinta-Runsala 2001).
The profile of the individual provides useful information for predicting their behavior in future interactions. A group
of profile data that is typically available to businesses and service providers is demographic data. Recent researches
highlight the effect of demographics and characteristics on human interaction and preferences. (ter Stal et al. 2019)
worked on the effect of age and gender on the first impression of an agent with the users in eHealth applications. The
results showed age and gender affects the early feeling of these users about their interactions. For example, people
prefer images of young, female agents over old, male agents.
The history of the activities of clients and agents in the system is used to enhance their profile. In a research work,
rule-based techniques have been used to make profiles of customers on the collected data from their histories of Web
purchasing and browsing activities, as well as demographic(Adomavicius and Tuzhilin 2001). In other work, Recency
Frequency and Monetary (RFM) with K-means is used to cluster clients and make their profiles based on their
historical data of sales (Maryani and Riana 2017).
Rather than other important aspects in work environment such as workload(Mehrbod et al. 2017c), personality has an
important impact on interactions among humans. People with more compatible personalities have more effective
communication with each other (Vater and Schröder‐Abé 2015). Personality also affects the performance of the agents
and their professional behavior (Blignaut and Ungerer 2014, Yakasai and Jan 2015, Sawyerr, Srinivas and Wang 2009,
Ali et al. 2011). Hence, how someone performs in different situations at work, how interacts with colleagues and how
communicates with customers, are influenced by his or her personality.

2.2 Personality and Social Media

Relationships between social media users’ personality and their behavior on social media have been studied in several
research works. Ross et al (Ross et al. 2009) are the pioneers in this area. They investigated how the FFM (Five Factor
Model) of personality is related to Facebook usage pattern on a very small sample set (n=97) of Facebook users. They
worked on some hypothesis about potential relationships between personality and Facebook features, such as positive
relation between Neuroticism and sharing personal information on Facebook, positive correlation between
Agreeableness and number of Facebook friends, etc. However, they were only able to present one signiﬁcant
correlation - between Extraversion and group membership.
Hughes et. Al. (Hughes et al. 2012) investigated whether the personality traits of the Big-Five (i.e. Neuroticism,
Extraversion, Openness, Agreeableness and Conscientiousness) and Sociability were related to socializing and
information exchange in the online environment of SNS. They build regression models between personality variables
and Facebook and Twitter usage indicators and the results showed that personality was related.
Golbeck et al. used the publicly available data of Facebook profile of 279 Facebook users and found many week
correlations between users’ profile and their personality scores. They trained two Machine Learning algorithms
namely, m5sup′Rules and Gaussian, using the profile data as a feature set (including personal information, linguistic
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features, Activities and Preference) and predicted each of the five personality traits up to 11% of its actual
value(Golbeck, Robles and Turner 2011).

2.3 Profile for Matching and Recommendations

Using profiles for matching and providing recommendation to customer is widely used in research works(Gholamian
et al. 2011). In one research work, the profile of social media users is used to make friend suggestions. They proposed
metrics to measure the similarities of social media users on information their profiles such as age, gender, interest,
and location. Then used the values for friend recommendation in social media. The model suggests users with a high
degree of similarities to each other(Mazhari, Fakhrahmad and Sadeghbeygi 2015).
In a previous work(Mehrbod, Grilo and Zutshi 2018), we proposed an intelligent routing method in a call center.
Machine learning techniques were used to learn from historical data of the call center to match suitable agents for
handling inbound calls. We used a few demographic fields of customer and agent to make a match. Customer
satisfaction which is a benchmark of call success was considered and treated as a rare class in an imbalanced learning
methodology.
Matching and recommendation based on the personality profiles are also studied in existing research works. For
example, (Buettner 2017) proposed a recommendation model for electronic marketing that uses users’ personalities
to recommend products to users. The model analyses users’ behavior on XING to predict their personality. Then
recommend products to buy based on their personality. The model is evaluated with a unique coffeemaker dataset.
This dataset includes the product recommendation ranking form participant as a customer satisfaction measure. The
result showed participant satisfaction significantly increased in personality-based product recommendation.
In the other work Bian and Holtzman (Bian and Holtzman 2011) represented a collaborative filtering friend
recommendation system based on personality matching. This work recommends users to become friends with
someone whose matching TV character is a friend with the user’s matching TV character. The results showed
personality matching does provide the users with more contextual information about recommended friends, comparing
with proximity matching. However, their results were only contextual feedback from 17 users who used the
personality-based system.

3. Proposed Model

The current work aims to improve the performance of service in remote customer services by finding the best match
between clients and agents. This section explains the profile-based matching model and how it exploits the profiles of
clients and agents to find the most compatible Client-Agent pair. This work is an extension of our previous research
work (Mehrbod et al. 2018) that reported an early version of the model. The previous work used available demographic
data of clients and agents for pairing client and agent.
The extended profile-based matching model uses data analysis techniques to enrich the profile of clients and agents.
Available information in a company dataset about the clients can be used as input to enrich profiles and create an
extended profile for each client. The data published by the individuals in social media can be used as extra information
to enrich their profiles. After passing profile making phase every individual including clients and agents will be
represented as an extended profile of data. In the next phase, the proposed model uses Machine Learning(ML)
algorithms to train a matching model using historical interactions of the agents with the clients. The model uses
previous interactions to find patterns for the client- agent pairs and result of interactions.
When a client requests a service, the trained model receives the profile of the client and the profiles of the available
agents. Then the model predicts the interaction result for each possible pair. The pair with the best predicted result
will be recommended as the best possible match. Figure 1 shows the conceptual view of Profile-based routing model.
The proposed model has three components as follow:
• Client Profile Making: provides a list of variables for extending the profiles of the clients.
• Agent Profile Making: provides a list of variables for extending the profiles of the agents
• ProMatch Module: predicts the call result for each possible pair, then rout the client to the best-suited
agent.
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Figure 1: Profile-based Routing Model

3.1 Client Profile Making

Companies always keep recording the history of transactions, activities, requests, and contacts with their clients in
their CRM systems. This recorded data can provide useful information for the companies to personalize their services
and improve the quality of service. Client Profile Making module, models each customer as a profile namely Client
Profile. It utilizes all available information of clients’ historical data to extract fields of client profile. Client profile
making module considers three types of profiles for each client:
• Personal profile: includes demographic data and personal information such as age, gender, marital status,
income level, race, language, location, and level of education. Additional personal information factors might
include preferences, hobbies, lifestyle and so on. One possible way to access this data is collecting through
surveys which is not a popular way in service provision. Since clients are not willing to answer too many
questions for receiving a service. Gathering data from social media is another way (Goncalves and Cornelius
Smith 2018, Lee 2018) to collect complimentary information about the clients.
• Personality profile: Personality of the people involved in a conversation is very important in human
interactions. Therefore, it can be helpful to use personality factors in the profile matching process. This profile
includes five values related to the five personality traits for each client including Openness,
Conscientiousness, Extraversion, Agreeableness, and Neuroticism (McCrae 2017). The most common way
to achieve personality traits is using personality questionnaires such as BFI test(John, Naumann and Soto
2008). But it is not eligible for companies to ask their clients to answer a personality questionnaire before
requesting a service. In the following section, we propose a solution to create personality profile of clients.
• Behavioral Profile: includes the history of the commercial behavior of a client in the company. Each company
tracks the important attributes of the clients, such as customer value, customer loyalty, purchase history, and
used or interested services. This profile is built through analysis of the CRM data that is recorded for any
client. Statistical data analysis is used to convert such historical data to the numeric fields. For example, the
purchase history can be used to extract numeric values such as total number of purchases, number of
purchases in the last month, average value of the purchases, and monthly or yearly amount of payments.
Client Personality Prediction
In order to use the personality profile of clients in profile-based matching, companies need to know the customer’s
personality traits that are computable through personality traits questionnaires. Unfortunately, companies usually don’t
have comprehensive information about the personality of their customers, and also it seems impossible to request their
clients to answer a personality questionnaire.
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As mentioned in section 2.2, studies have shown the behavior of people on social media relates to their personal
characteristics. Every day people share a large amount of information on social media. Social media is a place where
users represent themselves to the world, revealing personal details and insights into their lives. Previous research
found significant relationships between social media users' activities and their personality traits. These relationships
facilitate predicting the personality of clients using their social network indicators.
This module predicts the personality of the clients using the information they shared and their behavior in social media.
For this purpose, some social media users are asked to voluntarily answer the personality questionnaire. Then the
module is trained with the relationship between individuals’ social network indicators (the input variables) and their
personality traits (the output variables or targets). The trained model is used by the module to predict the personality
of customers who didn’t answer the questionnaire using their profile data. The personality predictor module receives
the available profile of each client in the company and predicts his personality. The evaluation of this module is beyond
the scope of this paper.

3.2 Agent Profile Making

Agent Profile Making refers to considering each agent as a profile of data. This module represents each agent as a list
of variables that summarize the profile. Accessing to the agents' information and profile is more possible than clients’
data. Analyzing the history of interactions of any agent helps to enrich their profiles specially behavioural profiles.
Agent profile making module also considers three types of profiles for each agent:
• Personal Profile: Like the personal profile of clients includes demographic data and also can be enriched by
data on preferences, hobbies, lifestyle, and more. It is accessible by answering an appropriate questionnaire.
• Personality profile: Like the personality profile of the Clients, it includes five values relating to the five
personality traits for each agent. This profile data of the agents is accessible by answering a personality
questionnaire called BFI test.
• Behavioral profile: This includes all available information about the historical activities of an agent in the
system, such as work experience, skills, KPI (Key Performance Indicator) profiles, success and failure
records, etc. This profile is accessible through analyzing the recorded data in the system.

3.3 Client-Agent ProMatch

The goal here is to find an agent from the available agents in the system who can better handle the request of a client
in order to improve the performance of the service. Using the history of interaction in training the matching model
makes it possible to learn from the experience of successful and failed interactions in selection of the best agent for
handling the future calls. The ProMatch module uses the historical database of previous interactions in each company
to find relationships between profiles features and call result (e.g. customer satisfaction, sale, problem resolution, etc).
It applies ML algorithms to find these patterns. Then uses the trained model to predict the result for new incoming
calls.
In the previous steps, the Client and Agent Profile Making modules prepare the profile of all clients and agents and
record the feature set in the database of the system. When an income call receives, the system uses the callerID or
ClientID (by asking through IVR before call routing) of the caller to find their profile in the database. Profiles of the
available agents are also accessible through the system database. ProMatch module receives these profiles (i.e. Caller’s
and available agents’ profiles) then utilizes the trained engine to predict the call result (e.g. satisfaction rate, sale or
refuse, problem resolved or not, etc.) for each possible route. An agent with the best result (such as the highest
satisfaction rate, the highest probability of sale, or solving the problem) is the best-match agent to answer the incoming
call. At the end, the module routes the incoming call to the selected agent.

4. Empirical Validation
4.1 Data and Data Preparation

The empirical validation section aims to evaluate the proposed Profile-based Matching model. This case study is
implemented on the historical data of a large call center in Portugal. The provided data includes three data tables. The
first table contains the general profile data of clients including Age, Gender, Marital status, and Zip code. Since zip
codes as numbers provide no useful information for the ML model, we categorized the zip codes into four main regions
in Portugal consist of North, South, Center, and Islands. This transmission helps to convert zip code to an effective
feature (see section 4.2).
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The second table contains general information of call center agents such as Age, Gender and profession related
information including Qualification, and Seniority. The third table contains history of the interactions of the call center
during a period of six months. In the interaction data table, each record represents a call that is handled by the contact
center. The data table includes more than one million calls answered and recorded in the system. Each record includes
the ID of the caller, the ID of the agent, a few call KPIs (such as Hold time, Talk time, Hold abounded, etc), as well
as the call outcome. The call outcome refers to the customer satisfaction that is asked from the client at the end of the
call. The outcome is 0 for unsatisfied feedback and 1 for satisfied feedback. Since some clients refuse to answer at the
end, the “Outcome” is missing for their interactions. Accordingly, the “Outcome” is Null for about 55% of the calls.
The other critical fields like the ID of the caller are also missing for some interactions. After removing the interaction
with null and missing values, 444 thousand interactions have remained. In the cleaned interaction data table, 98.5 %
of calls have the outcome rated for “1” and the rest of 1.5% are rated for “0”.
In this work, we used the call KPIs from the transaction data to create a behavioral profile for the agents to enhance
the agent profile. To build the behavior profile of the agent, every KPI is averaged for whole calls answered by the
agent. For example, the average Talk Time for all calls answered by an agent is considered as his average talk time
and is called Agent Talk Time.
After data cleansing and calculating the averages, ClientID and AgentID are used for joining these three data tables.
This operation provides a general data set of all available data that contains achieved data for each transaction,
including profile information of caller (i.e. age, gender, marital status, and location), the profile information of the
agent who answered the call (i.e. age, gender, qualification, seniority, Agent Held, Agent Hold Time, Agent Talk
Time, Agent Hold Abounded, Agent Wrap up Time, Bad Call Rate), call KPIs and call outcome. The profile features
are used in the profile matching model to predict the call outcome. These features can be divided into two groups:
Categorical and numerical features. Table 1 shows the statistics of categorical fields of profiles and Table 2 shows the
statistics of the numerical fields.
Table 1: Data statistics for the categorical field of clients’ and agents’ profile
Profile Field
Client Gender
Client Marital Status

Client Locality

Agent Gender
Agent Qualification

Value
Female
Male
Single
Married
De facto
Divorced
Widower
Unknown
North of Portugal
South of Portugal
Center of Portugal
Portugal Islands
Female
Male
high school diploma
Bachelor’s degree
Master’s degree

Count
170437
273710
86386
197,226
3,618
26,694
8,481
121,742
168,680
62,727
196,651
16,089
344,452
99,695
233,473
196,825
13,849

Percent
38.37
61.63
19.45
44.41
0.81
6.01
1.91
27.41
37.98
14.12
44.28
36.62
77.55
22.45
52.57
44.31
3.12

Table 2: Data statistics for the numerical field of clients’ and agents’ profile
Variable
Client Age
Agent Age
1

SD stands for Standard Deviation

2

SE stands for Standard Error

Minimum
14
19

Maximum
75
52

Mean
52.69
32.78
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Agent Seniority
Agent Held
Agent Hold Time
Agent Talk Time
Agent Hold Abounded
Agent Wrap up Time
Bad Call Rate
Outcome

0.5
0.0
0.0
124.92
0
2.38
0.0
0

15
2.52
282.67
723.55
1
24.9
0.34
1

4.94
0.83
98.82
238.8
0.007
9.14
0.02
0.98

4.40
0.25
36.65
49.66
0.007
3.37
0.04
0.12

0.007
0.0004
0.05
0.07
0.00001
0.005
0.00005
0.0002

4.2 Method

This section explains the details of training the matching model using historical data. After the profile making phase
and the data pre-processing as explained above, the final training dataset is ready. In this phase, the dataset is used to
train and test the predictive module called ProMatch that is described in section 3. ProMatch module uses ML
algorithms to learn and predict the result of a call given the profiles of the caller and the agent. Basically, the model
uses the features of the profiles as the independent variables to predict the class of the call as the dependent variable
(i.e. call outcome). Before using any feature as an independent variable for prediction, its effect on the class should
be investigated. Relationship analysis helps to explore the relationship between variables in a dataset.
Relationship Analysis
Using independent features to predict dependent features (target) with ML algorithms always contains this research
question: “Is there any significant relationship between the feature and the target”. Researchers always utilize
statistical hypothesis tests to answer this type of research question. Statistical hypothesis testing is used to determine
whether the relationship between two features in a data set is statistically significant.
There are different types of tests to analyze the relationship between variables. Choosing a suitable statistical test to
interpret the relationships depends on the statistical distribution of the engaged variables i.e. input and output variables.
In order to investigate the effect of profiles of client and agent (i.e. input variables) on the call result (i.e. output
variable), the profile fields are divided into groups of numerical and categorical features. The output variable in this
case study is the “Outcome” which is a numerical variable. Consequently, there are two types of relationship between
input variables and output in this case study, i.e. numerical-numerical and categorical-numerical.
In statistics, correlation analysis is commonly used for evaluating the strength of relationships between two numerical
variables. The higher correlation means a stronger relationship and lower correlation means a weaker relationship
between the features. The correlation coefficient or r-value is calculated by the formula (1).

𝑟𝑟 =

∑𝑛𝑛𝑖𝑖=1(𝑥𝑥𝑖𝑖 − 𝑥𝑥̅ )(𝑦𝑦𝑖𝑖 − 𝑦𝑦�)

�∑𝑛𝑛𝑖𝑖=1(𝑥𝑥𝑖𝑖 − 𝑥𝑥̅ ) �∑𝑛𝑛𝑖𝑖=1(𝑦𝑦𝑖𝑖 − 𝑦𝑦�)

(1)

When 𝑛𝑛 is the number of observations, 𝑥𝑥𝑖𝑖 and 𝑦𝑦𝑖𝑖 are individual sample points of variable 𝑥𝑥 and 𝑦𝑦 indexed with 𝑖𝑖.

To analyse the relationship between categorical input variables and Outcome as a numerical variable, we should look
into the categorical-numerical relationships tests. Student t-test is a technique that is used to determine if there is a
significant difference between the means of two groups in research. This test is used to validate the strength of
relationships between a numerical variable and a two-category variable. The t value which shows the strength of the
relationship is calculated the formula (2).
𝑡𝑡 =

���1 − ���
𝑥𝑥2
𝑥𝑥

1
1
+ )
𝑛𝑛1 𝑛𝑛2

�𝑠𝑠 2 (

(2)

If the observations of the numerical variable are divided into two groups based on the two-category variable, 𝑥𝑥
���1
and ���
𝑥𝑥2 are the means of the two groups, and n1 and n2 are the numbers of observations in each of the groups. 𝑠𝑠 2 is the
pooled standard error of the two groups which can be calculated the formula (3).

© IEOM Society International

1137

Proceedings of the 5th NA International Conference on Industrial Engineering and Operations Management
Detroit, Michigan, USA, August 10 - 14, 2020
2

𝑠𝑠 =

2

𝑛𝑛1
𝑛𝑛2
∑𝑖𝑖=1
(𝑥𝑥𝑖𝑖 − ���)
𝑥𝑥1 2 + ∑𝑗𝑗=1
�𝑥𝑥𝑗𝑗 − ����
𝑥𝑥2

𝑛𝑛1 + 𝑛𝑛2 − 2

(3)

While student t-test is used to compare the means of two groups in the research population, One-way ANOVA is a
technique that is used to determine if there is a significant difference between the means of more than two groups in
the statistical population. This test is used to validate the strength of relationships between a numerical variable and a
categorical variable with more than two categories. The f value which shows the strength of the relationship is
calculated by the formula (4).
𝑓𝑓 =

𝑛𝑛1
∑𝑖𝑖=1
𝑛𝑛𝑖𝑖 (𝑥𝑥�𝚤𝚤 − 𝑥𝑥̅ )2 ⁄(𝑘𝑘 − 1)

(4)

∑𝑘𝑘𝑖𝑖=1(𝑛𝑛𝑖𝑖 − 1)𝑠𝑠𝑖𝑖 2 �(𝑛𝑛 − 𝑘𝑘)

where 𝑘𝑘 is the number of categories in the categorical variable. If the observations of the numerical variable are
divided into 𝑘𝑘 groups based on the categorical variable, 𝑥𝑥�𝚤𝚤 is the mean of the group 𝑖𝑖, 𝑛𝑛𝑖𝑖 is the number of observations
in the group 𝑖𝑖, and 𝑠𝑠𝑖𝑖 is the standard error of the group 𝑖𝑖.

Imbalanced Data Resampling
The goal of this case study is to predict the call outcome using the profile of the caller and the agent. Therefore, it is
very important to investigate the characteristics and behavior of a variable before making a predictive ML model on
it. As mentioned before, the “Outcome” in this case study is a binary variable with the distribution of 1.5% for “0”
and 98.5% for “1”. Consequently, building a predictive model leads to a bias model. One main solution to deal with
the problem of imbalanced data is resampling.
In this case study SMOTE (Synthetic Minority Over-Sampling Technique) is used as a popular resampling algorithm
in the area of imbalanced learning. The algorithm selects minority class as a basis to create new synthetic data points.
Then several nearest neighbors of the same class are chosen from the training set. Then use the destination of neighbors
from the sample is used for random interpolation for new instances (Fernández et al. 2018).
Machine Learning Algorithms
After data cleansing and resampling the dataset by SMOTE, the transaction dataset is ready for training a Machine
Learning model for predicting call results using effective fields of profiles of client and agent. Several classifications
such as Neural Networks, Decision Trees, K-Nearest Neighbor, Support Vector Machine (SVM), Naïve Bayes, etc
can be used to find patterns between profiles and the call result. There is no typical way to select the ML method for
classification. Choosing suitable ML algorithms depends on the characteristics of the problem such as time, number
of samples, sample distribution, etc (Khaledian and Miller 2020).
In our previous work (Mehrbod et al. 2018) four well-known Machine Learning including Artificial Neural
Network(ANN), SVM, Logestic Regression and Random Forest was applied in the early version. The results showed
Neural Network and Random Forest both have good results in the classifications. For the large sample size, ANN
would likely have a good prediction(Khaledian and Miller 2020) but Random Forest is faster in such a
situation(customer support) that time is an issue.

4.3 Results and Discussion

In order to build a predictive model, the effect of each predictive feature (the fields of the extended profile of client
and agent) on the target (Outcome) should be investigated. Table 3 shows the correlation coefficient value between
all numerical variables of transaction dataset including Client Age, Agent Age, Agent Qualification, Agent Seniority
AVG Hold Rate, AVG Hold Time, AVG Talk Time, AVG Hold Abandoned, AVG Wrap up Time, AVG Bad Call
Rate and Outcome. The significant value with p-value<0.05 are marked with * and the significant values with pvalue<0.05 are marked with **. Due to the Table 3, all available numerical fields of the profiles are significantly
correlated (P-value<0.01) with Outcome and can be used by the predictive model.
Table 3: Correlation coefficient between numerical variables in the historical dataset

1. Outcome

1
1.000

2

3

4

5
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2. Client Age
3. Agent Age
4. Agent Qualification
5. Agent Seniority
6. Agent Hold Rate
7. Agent Hold Time
8. Agent Talk Time
9. Agent Hold Abounded
10. Agent Wrap up Time
11. Bad Call Rate

-0.010**
-0.010**
0.014**
-0.006**
0.007**
0.007**
-0.008**
-0.022**
0.011**
-0.282**

1.000
-0.011**
-0.007**
-0.039**
0.030**
0.025**
-0.003*
0.032**
0.012**
-0.011**

1.000
0.229**
0.229**
-0.082**
-0.076**
0.065**
-0.162**
0.070**
0.042**

1.000
0.127**
-0.051**
-0.113**
-0.084**
0.009**
-0.0003
-0.049**

1.000
-0.198**
-0.089**
-0.077**
-0.401**
0.192**
0.031**

1.000
0.722**
-0.019**
0.260**
-0.143**
-0.029**

1.000
0.010**
0.253**
-0.0002
-0.065**

1.000
0.184**
-0.031**
0.028**

1.000
-0.154**
0.077**

Since gender is a binary variable, student t-test is a suitable statistical test to explore its relationship with Outcome.
The result of the student t-test in Table 4 shows there is a significant relationship between Agent gender and the
outcome. This means that the agent's gender affects the interaction result. Hence it can be utilized in the prediction of
Outcome. The results of the t-test show no significant relationship between Client gender and Outcome (P-Value>.1).
Consequently, using client gender doesn’t provide information for the predictive model to predict Outcome.
Table 4: Result of Student t-test between individuals' gender and Outcome

Agent
Gender
Client
Gender

Category
Male
Female
Male
Female

Mean
0.9834
0.9854
0.9850
0.9849

SD
0.1276
0.1199
0.1214
0.1221

T value
4.3547

P-value
0.00001

-0.4597

0.6457

Two other remaining features including Client Marital Status and Client Locality are categorical variables with more
than two categories. Client Marital Status has six categories and Client Locality has four categories. Hence, one-way
ANOVA is used to explore their relationship with Outcome. The results of the ANOVA test is reported in Table 5
that show both features have significant effect on the Outcome (P-value<.01).
Table 5: Result of Student t-test between categorical fields and Outcome

Client
Marital
Status

Client
Locality

Category
Single
Married
De facto
Divorced
Widower
Unknown
North of Portugal
South of Portugal
Center of Portugal
Portugal Islands

Mean
0.9864
0.9849
0.9837
0.9853
0.9825
0.9841
0.9847
0.9852
0.9848
0.9885

SD
0.1160
0.1218
0.1267
0.1204
0.1310
0.1249
0.1228
0.1207
0.1222
0.1067

Df
5

f-value
4.2053

P-value
0.0008

3

4.9848

0.0016

After applying SMOTE to the historical data, the dataset is ready to train the ProMatch model. In this step, the Random
Forest algorithm is used to train a model for predicting the call result. To evaluate the performance of the model crossvalidation as the most reliable validation technique for machine learning models is selected. Table 6 shows the results.
The accuracy of prediction is 93.9 % and AUC 94.2% is which is a shows the accuracy of the model. High AUC
shows the good performance of the model in the issue of imbalanced data. In the face to imbalanced data, performance
on the minor class is always very important. Because the trained model is likely biased to the majority class. Then it
shows a high accuracy whereas it ignores the minority class. The confusion matrix of the proposed model in Table 6
shows more than 70% of the unsatisfied Outcomes (as the minor class) is discovered by the model. Comparison with
the result of the early version proposed in a previous work (Mehrbod et al. 2018) shows using data analysis to enhance
the profiles of the client and agent improves the performance. The AUC increased by 12.5%.
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Table 6: Results of 10-fold cross validation

Profile-based
Matching
Early version

Confusion Matrix
TP: 429528
FN: 7943
FP: 21085
TN: 18971
TP: 436160
FN:1311
FP: 37030
TN:3026

Accuracy
93.3

Precision
95.3

Recall
98.2

AUC
94.2

92.2

92.2

99.7

81.5

The previous work (Mehrbod et al. 2018) used available demographic data of the clients and agents for pairing client
and agent. The current work extends it by using statistical analysis and machine learning to enhance the profile of
clients and agents, and then uses the extended profile for training the model. In this work, we also used relationship
analysis between fields of profile and the interaction result to discover the effective fields. Figure 2 shows the ROC 3
curve of the early (red) and the extended Profile-based Model (blue). It shows the extended model considerably
outperforms the previous version and significantly shows the effect of enhancing the profile.

Figure 2: ROC curve of the early (red) and extended Profile-based Model (blue).

5. Conclusion

In this paper machine learning and data analytics techniques have been used to improve the quality of service provision
in remote customer support by finding the best match between clients and agents. The idea was to select an agent that
has higher possibility of successfully handling a client request. Therefore, a profile-based matching model has been
proposed to find the most compatible Client-Agent pair based on matching their profiles and the history of previous
interactions. This work is an extension of a previous research work that reported an early version of the model using
demographic data of clients and agents for pairing.
The extended proposed model uses enriched profiles of clients and agents for improving the matching performance.
The extended profiles contain not only demographic data for the clients and the agents but also work related
performance metrics which are used to create a behavioral profile for the agents in order to enrich the agent profile.
After modeling the clients and agents, the proposed method used machine learning algorithms to train a matching
model on the historical interactions of the agents with the clients to find patterns for the client-agent pairs that had
successful previous interaction according to the user feedback recorded on the historical data of a large call center in

3

The ROC curve is created by plotting the true positive rate against the false positive rate
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Portugal. Experimental results show the proposed profile enrichment and matching model improves the performance
by 12.5% comparing the previous work that only used demographic data of the clients and agents
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