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Abstract

This research work analyzes a company that operates a contact center, which provides closer communication with its
customers through chats, calls and emails. The objective of this research is to demonstrate how the integration of
Machine Learning together with the Lean service methodology can improve the company’s efficiency in order to
reduce processing time and unnecessary costs, in addition to providing better quality in the services provided by the
company.
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1. Introduction
The problem we're trying to solve is how to improve contact center service by offering better customer care and using

digital tech to streamline service processes. Right now, Peru's service sector is growing, especially in retail (7.48%),
restaurants (92.06%), and business services (3.06%). (INEI), 2022.

It began with the idea of services in the economy, since in the past a chain production system was implemented, then
there were many organizational changes to improve efficiency, such as knowledge management, the use of
information, the incorporation of technology, and innovations, in order to offer improvements in the service sector. In
addition, the service sector contributes 40% of the country's GDP. Therefore, it is necessary to seek improvements in
the customer service process.

In this scenario, research was conducted to help optimize service efficiency in a contact center. To achieve this, a Lean
Service model is proposed in conjunction with Machine Learning, which integrates four tools: Standardization, 5S,
Poka-Yoke, and Machine Learning. This model will be implemented to improve the service offered to contact center
customers. It is worth mentioning that one of the main limitations was that workers often make mistakes in customer
service, especially in call registration and classification, in addition to generating downtime that affects the efficiency
of the process.
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1.1 Objectives

The research seeks to demonstrate that the model based on 5S, Standardization, Poka-Yoke and Machine Learning
will improve the efficiency in the service of a contact center. First, the 5S will be used to organize digital information,
eliminate unnecessary elements and facilitate quick and orderly access to information. Secondly, Standardization will
be used to define, document and disseminate the best way to carry out service processes. Thirdly, Poka-Yoke will be
used to implement error-proof mechanisms, such as automatic validations, thus reducing failures and rework. Finally,
Machine Learning will be used to analyze data, predict demands and provide customer service support.

2. Literature Review
2.1 5S in the service sector

Based on the available literature, the most influential work for contact centers is that of Piercy and Rich (2009),
because it demonstrates—in a “pure service environment”—that a call center can simultaneously improve quality and
costs through a “lean” transformation, where space/flow organization and standardization (practices consistent with
5S) are pillars of change. Along the same lines, Laureani, Antony, and Douglas (2010) confirm, in a real call center
case study, that a Lean Six Sigma program increases first contact resolution and streamlines processes. Although the
article does not focus on 58S, the improvements are based on eliminating waste and stabilizing work, which is typically
operationalized with 5S in services. To explicitly support the applicability of 5S to the service sector, Kanamori et al.
(2016) review evidence in public health and show that 5S (sort, set in order, shine, standardize, sustain) improves
safety, times, and user focus—findings that are transferable to remote care environments where information, screens,
and digital “gemba” must be organized. At the administrative office level (information-intensive services, close to the
back office of a contact center), Yusof et al. (2015) document that the sustainability of the QE/5S scheme depends on
discipline, audits, and staff participation, which converges with Piercy and Rich (2009) on the need for change
management and standardization for improvements to last. Finally, Sreerag and Pillai (2018) synthesize “lean
thinking” in services and include 5S as a basic technique for reducing time and errors in public services, providing a
general framework but also introducing a nuance: the impact of 58S is enhanced when integrated with process mapping
and problem solving (not as an isolated intervention), suggesting a slight divergence from simplistic readings of 58S as
a panacea. Overall, the five studies converge in that 5S—as a form of visual organization and standardization—is an
enabling condition for efficiency in services and, by extension, in contact centers; they diverge in the degree of
centrality they give to 5S (from implicit in broad lean transformations to explicit in sectoral reviews) and in
emphasizing that its effectiveness depends on integrating it with other lean practices and with governance that ensures
its sustainability.

2.2 Standardization in the service sector

The most relevant piece of research for understanding standardization in contact centers is that of Piercy and Rich
(2009), as it documents a lean transformation in service centers where the standardization of processes, roles, and
flows is presented as the core for simultaneously improving quality and reducing costs in a call center (Piercy & Rich,
2009). From this framework, Laureani, Antony, and Douglas (2010) show in a case study in a call center that
implementing standardized controls (procedures, metrics, and analysis templates) increases first-contact resolution
and reduces operational variability, thus converging with Piercy and Rich on the idea that standardization enables
performance. The report/review by Doellgast and O'Brady (2019) complements this perspective with extensive
empirical evidence on call center management practices: it documents how standardization (scripts, SOPs, QA
metrics) can improve service consistency and measurement, but also warns that excessive standardization—without
autonomy or support—increases stress and turnover, which qualifies Piercy and Rich's optimistic proposal. In the field
of language and communication standardization, Woydack and Lockwood (2017) analyze the use of scripts and point
out that, while they promote consistency in interaction and facilitate training processes (in line with Piercy and
Laureani's findings), their effectiveness depends largely on both the quality of the design and the degree of flexibility
granted to staff. In this sense, they partially diverge by highlighting the possible negative effects on the authenticity
of communication and the customer experience when scripts are applied too rigidly. On the other hand, the recent
application of standardized operating procedures in the virtualization of a specialty-pharmacy call center (Pierce et
al., 2022) offers practical proof: after developing SOPs and organizing remote workflows, the center managed to
maintain service indicators and reduce errors, which coincides with the conclusions of Piercy et al. regarding
operational benefits. in terms of operational benefits, but adds a decisive technological/organizational nuance—
standardization must consider remote capabilities, security, and digital collaboration—which was not central to classic
lean studies. In summary, these studies agree that standardization (procedures, scripts, metrics, and templates) is a
necessary condition for consistency, measurement, and continuous improvement in contact centers. They differ in
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degree and form (standardization as a purely positive lever vs. standardization conditioned by human design and
flexibility) and agree that its effectiveness requires accompanying training, feedback mechanisms, and governance
that preserve minimum operational autonomy for handling complex cases (Piercy & Rich, 2009; Laureani et al., 2010;
Docllgast & O'Brady, 2019; Woydack & Lockwood, 2017; Pierce et al., 2022).

2.3 Poka-Yoke in the service sector

The Poka-Yoke method applied in contact centers prevents errors and improves efficiency and service quality
(Prabowo, 2020). Designing workflows using this approach reduces losses and errors in call management, which leads
to greater customer satisfaction (Prabowo, 2020). It also reduces response times, improving operational efficiency.
Furthermore, recent studies confirm that these practices create more stable environments that are less prone to human
error, a fundamental factor in the fast-paced dynamics of contact centers (James et al., 2024).

2.4 Machine Learning in the service sector

Among the studies reviewed, the most influential is that of Shah et al. (2023), which presents a comprehensive review
of the use of machine learning and natural language processing in contact center automation, identifying how these
technologies improve efficiency in intent classification and customer satisfaction. In line with this, Li, Wang, and
Koole (2019) empirically demonstrate that predictive machine learning models optimize call management and staffing
levels, providing practical evidence that converges with the findings of Shah et al. (2023). Complementarily, Ibrahim
et al. (2016) focus on call arrival forecasting and show that the incorporation of advanced statistical techniques
together with machine learning significantly improves accuracy, although they warn of the need for more robust hybrid
models, which qualifies the more optimistic view of Shah et al. (2023). Likewise, Chacon et al. (2023) validate with
temporal memory networks and gradient boosting models that predictions in call centers can be more reliable and
adaptive, reinforcing the central thesis of Shah et al. (2023) on the relevance of artificial intelligence for operational
efficiency. Overall, the articles converge on the idea that machine learning is a key driver of efficiency and innovation
in contact centers, despite the current limitations of its practical implementation and the need to integrate these tools
with hybrid and human approaches to ensure sustainable results.

3. Methods

A three-phase approach is proposed for the development of the model, as shown in Fig. 1. Each phase is designed to
combine Lean Service tools with Machine Learning techniques, generating a comprehensive system of continuous
improvement.

Phase 1: Planning

The first phase focuses on preparing the ground, ensuring that tasks can be carried out with greater efficiency. To do
this, we apply tools like 5S, which help separate what is really needed from what only creates clutter, and keep the
workspace ready for daily operations. Along with this, process standardization is introduced so that activities follow
the same sequence and rules, avoiding unnecessary differences and ensuring that the information generated is
reliable. It serves as the framework that supports and enables future enhancements.

Phase 2: Development
Once the processes are organized and the work environment is stable, attention shifts to preventing mistakes. Here the
Poka-Yoke philosophy plays a central role, since it focuses on detecting the points where failures usually appear and
placing simple but effective controls in those places. This is especially important when there is direct contact with
customers, as even small errors can have an impact. This phase also supports the idea of ongoing improvement, turning
each error into both a correction and a source of learning for process refinement.

Phase 3: Implementation

The final phase consists of incorporating Machine Learning as a strategic resource to enhance service processes. By
using algorithms, it becomes possible to discover patterns in the data, anticipate customer behavior, and even suggest
specific actions. When applied to a contact center, the integration allows services to be adjusted to each client’s needs,
reduces waiting times, and supports a more balanced use of personnel and technology. This combination improves
how the service operates while also enhancing customer satisfaction. Finally, the third phase proposes the integration
of Machine Learning to support the Lean Service approach. Machine learning can be applied in services to spot
patterns and make predictions that support everyday decisions. In practice, contact centers have used these models to
anticipate when a client might leave, to manage staff and resources more efficiently, and even to capture the mood
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expressed in online conversations. By linking Lean methods with artificial intelligence in this way, organizations are
able to reduce errors, work with greater efficiency, and deliver a service that feels both more personal and more
consistent (Figure 1).
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THE PROBLEM S THE SIMULATION
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INPUT indicators % OUTPUT
Pareto *
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Ishikawa
Diagram
low level of high level of
service Problem service
efficiency Tree efficiency

Figure 1. Proposed model

4. Data Collection

This research relied on several sources, such as scientific articles and books on Lean Service. To complement this
information, interviews were carried out with managers from departments like quality and operations. Their
contributions provided a broader view of the company and made it possible to assess different performance indicators.

Using this input, a model was designed that began by observing how processes flowed within the contact center. The
analysis focused on detecting waste, delays, and recurring errors. From there, key indicators such as Average Handling
Time (AHT), First Call Resolution (FCR), and abandonment rates were examined.

During the simulation stage, the 5S method was applied to bring order to both the physical and digital environments.
At the same time, scripts, procedures, and escalation routes were standardized to achieve consistency. Poka-Yoke
practices were introduced to minimize human mistakes through automatic validations. Machine Learning was also
incorporated, which made it possible to predict call demand and suggest actions. With these tools, simulations were
developed in Orange and other specialized programs.

In the final stage, the models were tested with the proposed improvements, and the results of the efficiency indicators
were reviewed. This evaluation led to the creation of a monitoring and control system, which ensured ongoing process
improvement and higher efficiency in the contact center. Figure 2 shows the results step by step
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Figure 2. Diagram to achieve results

4.1 Implementation of 5S, Standardization, Poka-Yoke and Machine Learning

During this phase, various Lean Service tools and machine learning techniques were applied through pilot tests within
the organization. Implementation began with the 5S methodology, used to organize both the physical space and the
digital environment. Next, a process was developed to standardize scripts, procedures, and escalation routes in order
to ensure consistency in operations. Subsequently, the Poka-Yoke approach was incorporated, aimed at reducing the
incidence of human error through automated validation mechanisms. Finally, machine learning models were
introduced to anticipate call demand and generate recommendations for decision-making.

In relation to the 5S methodology, an internal audit was carried out to diagnose the initial situation of the work
environment. The Sort phase involved identifying and eliminating documents, files, and digital tools that did not
contribute to the process. In Set in Order, both electronic folders and the layout of workstations were reorganized,
ensuring accessibility and operational fluidity. The Clean stage incorporated a preventive maintenance plan aimed at
preventing the accumulation of physical and digital clutter. Subsequently, in Standardize, organizational protocols
were defined to maintain the improvements achieved; and in Sustain, training and awareness activities were carried
out, in addition to a follow-up audit that confirmed the progress made.

Process standardization focused on reviewing and documenting communication scripts, incident resolution
procedures, and escalation routes. The analysis identified redundancies and inconsistencies, which were corrected by
developing unified formats and precise guidelines. To support the agents, flowcharts and decision trees were prepared.
Their use made it easier to respond quickly and kept service more consistent. This change also showed positive results
in key measures, including AHT and FCR.

For the application of Poka-Yoke, Failure Mode and Effects Analysis (FMEA) was used, which allowed for the

identification of the most common sources of error during customer interactions. The most frequent errors identified
were incomplete records, inaccurate data entry, and calls routed to inappropriate destinations. Each error was evaluated
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based on its severity, frequency, and probability of non-detection. Based on this review, automatic controls were
designed, such as mandatory fields, real-time alerts, and escalation triggers. These mechanisms acted as preventive
barriers that reduced the probability of human error and increased the reliability of the process.

The use of machine learning was based on the collection and analysis of historical call data to identify behavior
patterns in different periods. Supervised models were trained to estimate the expected volume, which facilitated more
efficient resource and schedule planning. Likewise, classification algorithms were implemented that were capable of
recommending operational actions, such as dynamic adjustments in staffing or automatic redirection based on the
projected load. In this way, the predictive component was integrated with real-time decision-making, strengthening
the cycle of continuous improvement.

The sequential implementation of these four tools made it possible to consolidate a structured, data-driven
management model focused on reducing waste, optimizing efficiency, and achieving sustainable improvements in
service processes.

The results obtained from the analyzed scenario in the contact center are presented below. To determine the level of
efficiency, management records from several months were considered, using a monthly average of the main
performance indicators.

Calls resolved on first contact 800

Total calls answered *100% = 1200 *100% = 66.67%

e Efficiency level (%): Effectivenessx(1—Defective) =66.67%x* (1—0.015) = 65.67%

o Effectiveness level (%):

. . Z Orders resolved at first contact 750
o First Contact Resolution level (FCR) (%): ! *100% = *100% = 62.5%
X Total orders 1200
. . . X Orders without rework and without valid complaint 822
e Right-First-Time level (RFT) (%) : S Totalorders £ *100% = oo *

100% = 68.5%

5. Results and Discussion

Following the diagnostic stage of the Contact Center process, the analysis of operational performance revealed
significant inefficiencies in the service area. During the months, the Effectiveness level reached an average of 66.7 %,
while the Efficiency level was 65.7 %, confirming that the organization operates below the 70 % standard required
for the service sector. Only two-thirds of the total customer cases were resolved within the expected response time
and without errors, reflecting delays, bottlenecks, and the absence of standardized procedures.

In addition, the First Contact Resolution (FCR) indicator reached 62.5 %, indicating that more than one-third of the
cases required a second interaction or escalation before completion. Similarly, the Right-First-Time (RFT) level
achieved 68.5 %, showing that a considerable percentage of requests still required rework due to data entry errors or
lack of proper classification. These results demonstrate that inefficiency was mainly associated with repetitive manual
work, lack of information flow between operators, and limited use of predictive tools for prioritizing cases.
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Figure 3. Predicted vs. Actual Response Time using Decision Tree model.
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Figure 4. Predicted vs. Actual Response Time using Random Forest model.
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Figure 5. Predicted vs. Actual Response Time using SVM model.

Based on the initial diagnosis, three Lean Service tools—5S, Standardization, and Poka-Yoke—were implemented
together with Machine Learning techniques to address the operational inefficiencies detected (Figure 3- Figure 5).

Through 58, the work environment and digital database were organized to eliminate duplicated files and ensure faster
retrieval of client information, which reduced the average order processing time from 52.08 hours to 40.00 hours.
Standardization was applied to unify procedures and response formats among operators. As a result, the Effectiveness
level increased from 66.7 % to 88 %, demonstrating greater consistency and quality in service delivery.

Justification of the improved indicators (To-Be).

To estimate the improved Effectiveness level of 88%, the same volume of cases used in the current scenario (1,200
cases) was considered. Under the Lean Service + Machine Learning improvements, it is projected that 1,056 cases
would be resolved within the expected time:

_ 1056
Effectivenessr,_ge = 1200 X 100 = 88%

Likewise, the improved Efficiency level was calculated using the formula defined in the study:
Efficiency = Ef fectiveness X (1 — Defective)
Assuming a reduced defective rate of 2% due to Standardization and Poka-Yoke, the improved Efficiency is:
Efficiencyr,_ge = 88% X 0.98 = 86%
This confirms the consistency of the projected performance improvements.

Meanwhile, Poka-Yoke mechanisms were designed as digital validation controls within the registration platform to
prevent missing data, double cases, or incorrect classifications. These error-proofing actions improved the Right-First-
Time (RFT) indicator from 68.5 % to 87 %, confirming a 70 % reduction in registration errors. Finally, the integration
of Machine Learning algorithms, particularly the Decision Tree model with an average prediction error of 3.45 %,
enabled predictive prioritization of cases and further increased Efficiency to 86 % and FCR to 83 % (Table 1).
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Table 1. Simulation Indicators — As-Is and To-Be Comparison

‘Simulation Indicators

HAs-Is (Current State)HTo-Be (Improved State)”lmprovement (%)‘

‘Effectiveness level (%) H

66.7 H

88.0 ||

+32 %

‘Efficiency level (%) H

65.7 H

86.0 ||

+31 %

‘F irst Contact Resolution (FCR) (%) ‘

62.5 H

83.0 ||

[Right-First-Time (RFT) (%) [

68.5 [

87.0 |

+27 %

‘Average order processing time (h) H

52.08 [

40.00 I

|
|
+33 % \
|
|

—23%

The Lean Service + Machine Learning model was simulated in two stages: the As-Is scenario (current state) and the
To-Be scenario (improved state). After implementing the proposed model, the indicators showed a notable
improvement in all dimensions: Effectiveness rose to 88 %, Efficiency to 86 %, FCR to 83 %, and RFT to 87 %
(Figure 6), Likewise, the average processing time decreased to 40.00 hours, representing a 23 % reduction in service

lead time.
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Figure 6. Cause-and-Effect (Ishikawa) Diagram of the High Number of Customer Complaints
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Figure 7. AMEF Matrix of Operational Failures and Risk Priority Numbers.
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Moreover, the Root Cause Analysis (Ishikawa Diagram) and the AMEF Matrix confirmed that the main causes of
inefficiency were related to lack of training (Figure 7), absence of supervision, and weak technological integration.
After applying Lean Service principles and data-driven decision-making, these deficiencies were systematically
corrected through continuous feedback loops and digital tracking of operator performance.

Finally, the implementation of this hybrid model positions the company as a reference for process innovation in SMEs
within the service sector. By combining human factors (Lean culture, Standardization, and Poka-Yoke) with data
analytics (Machine Learning), it is possible to create an agile, standardized, and predictive management system that
ensures sustained efficiency improvements and supports future scalability.

5.1 Validation

The proposed improvement model was validated using Machine Learning techniques implemented in the Orange
software. For this purpose, a database of 351 clients from the Contact Center was used, including both categorical and
numerical variables related to the service, such as type of service, non-conformity/complaint, communication channel,
schedule and invoice information.

The categorical variables were transformed into numerical codes through a data dictionary so that the software could
correctly interpret the information and generate precise predictions of the call handling time. Three supervised learning
models were evaluated: Decision Tree, Random Forest and Support Vector Machine (SVM). Each model was trained
and tested using the historical data to predict the response time and then compared against the real times obtained by
the Contact Center.

The last three graphs generated in Orange show the real response time vs. the predicted time for each algorithm. The
Decision Tree and Random Forest models presented curves that were very close to the real values, while the SVM
model showed greater dispersion. According to Orange’s results, the Decision Tree model was selected as the most
suitable, since it achieved the lowest error rate (3.45%) and predicted an average resolution time close to 3 days, which
is the desired target established by the company for solving customer claims.

The following Table 2 summarizes the validation results for each algorithm:

Table 2. Validation of Machine Learning models in Orange

‘Model HError rate (%) HFit with real response time HDecision ‘

‘Decision Tree H3.45 HVery high similarity to real timesHSelected as final model‘

‘Random Forest HHigher than 3.45 HHigh similarity, but less stable HAltemative model ‘
t Vect Machine||Highest th t i i

Suppor ector achine||Highest among e Gre.a e.r. dispersion and Not recommended

(SVM) three variability

With these results, the Decision Tree model was adopted to support the Lean Service improvement proposal, since it
allows predicting the handling time of new cases and prioritizing them according to their expected resolution time.
This validation confirms that the integration of Machine Learning into the process is reliable and consistent with real
data, strengthening the objective of the research: to improve efficiency in a SME of the services sector by combining
Lean Service and Machine Learning.

6. Conclusion

This research demonstrated that the combination of Lean Service and Machine Learning constitutes a comprehensive,
effective, and sustainable strategy for improving operational efficiency in an SME in the service sector. Based on the
initial diagnosis, structural problems were identified in the Contact Center process, such as delays in service,
reprocessing, inconsistencies in case classification, and a lack of standardization. The Effectiveness (66.7%),
Efficiency (65.7%), First Contact Resolution (62.5%), and Right-First-Time (68.5%) indicators confirmed the
existence of a significant gap between current performance and acceptable levels of efficiency for the sector.
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The application of Lean Service tools allowed these problems to be addressed from a systemic perspective. The 5S
methodology helped to organize and streamline the digital environment, optimizing access to critical information and
reducing unproductive time associated with searches and duplication. Standardization made it possible to homogenize
operating procedures, ensuring a uniform workflow among operators, which reduced variability in service and
facilitated decision-making. For their part, digital Poka-Yoke mechanisms proved essential in reducing recurring
human errors by incorporating automatic controls that prevented incomplete, duplicate, or inconsistent records. This
prevention structure increased the reliability of the process and reinforced the integrity of the processed data.

Complementarily, the integration of Machine Learning—particularly the Decision Tree model, which obtained a
predictive error of 3.45%—made it possible to transform operational management into a data-driven process, oriented
toward the prediction and intelligent prioritization of cases. This model facilitated reliable estimates of resolution time
and provided a technical basis for optimizing workload allocation, reducing bottlenecks, and improving the area's
responsiveness. The synergy between Lean Service and ML not only eliminated waste and failures but also anticipated
system behavior, promoting a cycle of continuous improvement based on evidence.

At the end of the proposal, the indicators for the improved scenario (To-Be) showed significant progress: the level of
effectiveness increased to 88%, efficiency to 86%, FCR to 83%, and RFT to 87%, while the average response time
was reduced from 52.08 hours to 40 hours, representing an improvement of 23%. These variations demonstrated that
the combined application of the selected tools managed to close the operational gap identified in the initial diagnosis,
validating the effectiveness of the model developed.

In conclusion, the results obtained confirm that the integration of Lean Service and Machine Learning is a viable,
scalable, and highly effective solution for improving efficiency, service quality, and productivity in companies in the
service sector. The research provides empirical evidence that hybrid models based on technology and continuous
improvement methodologies can transform traditional processes into agile, standardized, and predictive systems. It
also highlights that the adoption of these practices not only optimizes internal operations but also contributes to
improving the customer experience and the operational sustainability of the organization. This study therefore makes
a valuable contribution to both the literature and professional practice, serving as a reference for future research and
applications in similar organizations.
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