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Abstract

The Field Technician Scheduling Problem (FTSP) in Field Service Management (FSM) re-quires assigning skilled technicians to geographically dispersed tasks under strict ServiceLevel Agreements (SLAs) and finite capacity. This thesis investigates the predict-then-optimise paradigm by developing a decision support prototype that bridges data-drivenduration estimation and exact Constraint Programming. A Random Forest model, trainedon 3,000 synthetic historical assignments, predicts job durations with a cross-validatedcoefficient of determination (R2) of 0.748, correcting a systematic duration bias: actualhistorical durations exceed planned durations by 14.8% on average. Benchmarking showsthat most of this gain comes from removing that bias rather than from model complex-ity: linear regression scores marginally better on aggregate error, and the tree-basedensemble is retained as the implemented predictor, with feature-importance summariesproviding operational inspection. These predicted durations drive a Google OR-ToolsCP-SAT model that schedules technicians subject to skill compatibility and daily capacitylimits, with multi-day reservations and penalties for unfilled crew slots. The integrationyields a critical diagnostic result: under a formulation requiring each job to fit within asingle technician-day, themodelled workload renders the schedule largely infeasible, with762 jobs exceeding the daily limit. A four-lever capacity strategy incorporating multi-dayrolling carryover, selective overtime, targeted workforce augmentation, and priority-weighted penalties recovers coverage to 851 jobs under ML inputs and 904 jobs understatic inputs, with jobs receiving no technician assignment confined to normal priority.To maintain computational tractability, the 30-day horizon is decomposed into sequentialdaily scheduling windows rather than solved as a monolithic global optimisation, andtravel is modelled as a fixed cost from each technician base to the job site without opti-mising inter-job routes. Within this bounded scope, the framework enables interactivewhat-if scenario analysis, allowing management to stress-test capacity assumptions andshift from reactive dispatching toward proactive workforce planning.
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Chapter 1

Introduction

1.1 Industry Context and Field Service ManagementField Service Management (FSM) coordinates the scheduling, dispatching, and executionof technical interventions at customer locations. The work spans diagnostic visits, correc-tive repairs, scheduledmaintenance, equipment installations, and compliance inspectionsacross industries that depend on asset uptime: telecommunications, energy, manufactur-ing, healthcare, transportation, and logistics [1], [2]. Every working day, a finite pool oftechniciansmust bematched to geographically dispersed service requests under hard con-straints on skills, contractual deadlines, travel feasibility, and labour cost [3].Scheduling decisions connect service delivery with labour availability, travel expendi-ture and contractual expectations. Workforce scheduling and routing studies show thatthese decisions must be considered together when skills and geography restrict the as-signments available to a planner [1], [3]. Commercial market reports also describe FSM asa growing software category [4], [5]; these forecasts place the research within the widerdevelopment of service-management software.A dispatcher needs to understand not only which assignments are selected, but alsowhy some demand remains unallocated and how a change in the workforce or planningassumptions changes the result. This thesis investigates that decision-support use casethrough a controlled synthetic scenario, focusing on the relationship between durationestimates, capacity assumptions and generated assignments.
1.2 The Scheduling Problem in Operations ResearchFrom an Operations Research (OR) perspective, field service planning that jointly deter-mines technician assignments and travel sequences is related to the Vehicle Routing Prob-
lem (VRP) family [2]. The VRP with Time Windows extends the base model with serviceintervals, closelymirroring Service Level Agreement (SLA)-driven field operations [2]. The
Technician Routing and Scheduling Problem (TRSP) adds three further properties: skill
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compatibility (only a subset of the workforce qualifies for each task [3], [6]), performanceheterogeneity (experienced technicians complete identical tasks faster [6]), and side con-straints including spare-parts availability, two-technician synchronisation, and multi-dayinterventions [1], [3], [6].The problem addressed in this thesis is a Field Technician Scheduling Problem (FTSP):technicians are assigned to jobs subject to skill, capacity, multi-day reservation, and crewrequirements. Travel enters the model through base-to-job time and cost estimates. Job-to-job route sequences are not decision variables, so the implementation does not solve thefull TRSP. The routing literature provides related context for the scheduling formulation.Exact, heuristic and hybrid methods address different technician-routing formula-tions. Pillac et al. [7] combine Adaptive Large Neighbourhood Search with mathematical-programming post-optimisation; broader metaheuristic approaches are reviewed byToaza and Esztergár-Kiss  [8]. Recent work reframes TRSP as a decision-support problem,emphasising what-if analysis of workforce sizing and skill upgrades [9]. The pipelineadopted here first predicts durations using Machine Learning (ML) and then constructsassignments using the CP-SAT constraint-programming solver. This follows the predict-
then-optimise paradigm [10], [11].
1.3 Two Planning AssumptionsBefore introducing the scheduling model, two initial planning assumptions need to be de-fined. They simplify the general scheduling task and, as the results later show, they havean important effect on the number of jobs that can be allocated. The first concerns how jobduration is estimated, while the second concerns whether a job can be completed withinone working shift.

Static duration estimates. Each job is initially assigned an expected duration that isused as a fixed planning value. However, in the synthetic historical data, these estimatestend to underestimate the actual time needed to complete an intervention. This can leadthe scheduler to planmorework than technicians can realistically perform. For this reason,the thesis compares the original static estimate with two alternatives: a calibrated multi-plier and a Machine Learning prediction. Service duration may also vary according to thetechnician assigned, especially when technicians have different levels of experience [6].
A single-shift feasibility rule. In the initial formulation, a job can only be assigned ifits service time and travel requirement can fit within one technician’sworking shift. There-fore, jobs requiring more time than a single shift are treated as infeasible under this rule.This does notmean that such jobs cannot be completed in real operations; it only reflects alimitation of the initial scheduling formulation. Later in the thesis, multi-day reservationsare introduced to relax this restriction. These reservations should still not be interpretedas a detailed execution schedule, since the model does not explicitly optimise start times,
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breaks, or the synchronisation of two-technician crews.
1.4 The Cross-Border Industrial Maintenance ScenarioThis thesis examines a synthetic but operationally plausible scenario involving amid-sizedEuropean industrial field service provider. The provider serves manufacturing, logistics,and data centre clients across Italy, Germany, France, Spain, and the United Kingdom.The workforce initially consists of 50 technicians distributed across the five countries.Each technician holds skills from an eight-competency vocabulary: pumps, motors, pro-grammable logic controllers (PLCs), robotics, sensors, networks, hydraulics, and drives.The job pool contains 1,000 scheduled interventions over a 30-day planning horizon.These range from routine preventive inspections to critical breakdown responses, withSLA windows varying from a few hours to several days.The scenario focuses on cross-border industrial maintenance rather than local routing.It is designed to examine what happens when technicians, specialised skills, and customerdemand are geographically dispersed across Europe. In this type of environment, a com-pany that can allocate the right technician to the right jobmore effectively canmake betteruse of limited specialist capacity and improve its responsiveness to customers. This can be-come an important operational advantage comparedwith less coordinated competitors. Inthe dataset, 85% of all technician–job pairings exceed the 800 km flight threshold, whilethe mean travel distance is 1,140 km. These figures refer to all possible technician–jobpairings, not only to the journeys selected in the final schedule. In practice, the nearestskill-compatible technician is often much closer than the average candidate.The primary user of the prototype is a dispatcher. The dispatcher can select a planninghorizon and duration regime, generate assignments, inspect the map and schedule board,and compare scenario summaries. Managers can use the same outputs to identify capacityand skill shortages. Machine attributes are included to describe the service jobs, but theprototype is not intended to be a complete asset-management or failure-prediction system.
1.5 Research Questions and ObjectivesThemain objective of this thesis is to investigate whether data analytics techniques, in par-ticular Machine Learning (ML) and Constraint Programming (CP), can improve the plan-ning of field service operations compared with schedules based on fixed duration esti-mates. Rather than replacing the judgement of dispatchers or operational experts, theproposed system is intended to support their decisions by combining data-driven durationestimates with optimisation-based scheduling.The scheduling environment is implemented as an interactive decision-support proto-type. It allows users to generate schedules under different duration assumptions, inspect
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the resulting assignments, and compare operational indicators such as assignment cov-erage, travel time, reported cost, and SLA-related measures. The prototype also supportsthe diagnosis of capacity constraints and the testing of operational scenarios, helpingman-agers understand where the main scheduling pressures occur.Four research questions guide the study:
RQ1: How accurately can a Machine Learning model predict actual job dura-tions compared with fixed FSM duration estimates?
RQ2: How do alternative duration estimates affect assignment coverage, re-ported cost, travel time, and the SLA and utilisation indicators produced bythe scheduling model?
RQ3: What structural capacity bottlenecks does the scheduling model reveal,and to what extent can targeted operational adjustments improve assignmentcoverage?
RQ4: How does the scheduling system respond to changes in workforce avail-ability, travel time, spare-parts availability, and daily shift capacity?To address these questions, the thesis has four main objectives:1. To evaluate whether ML-based duration estimates improve on fixed planning esti-mates.2. To examine how different duration estimates change the schedules produced by theCP-SAT model.3. To identify the main capacity and skill bottlenecks in the synthetic field service sce-nario and test possible operational adjustments.4. To evaluate the system under simulated disruptions affecting workforce availability,travel conditions, spare parts, and daily capacity.

1.6 Contributions of the ThesisThis thesis makes three main contributions.1. It develops a predict-then-optimise approach built entirely on open-source tools forfield technician scheduling. The approach combines a Random Forest model for esti-mating job duration with a CP-SAT model for assigning technicians to jobs. It showshow data-driven duration estimates can be incorporated into scheduling without re-lying on commercial solvers or proprietary company data.
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2. It uses the scheduling model as a diagnostic tool. The initial results show that thesingle-shift feasibility rule creates a major capacity restriction in the scenario. Themodel is then used to test practical adjustments, including additional technicians,overtime, multi-day reservations, and priority-based penalties.3. It implements the approach in an interactive web-based decision-support prototype.The prototype allows dispatchers and managers to generate schedules, inspect as-signments, compare duration assumptions, and test operational scenarios. It cantherefore be used internally as a planning and diagnostic tool for field service opera-tions.
1.7 Use of Artificial Intelligence ToolsArtificial intelligence tools supported the development of the prototype and the writing ofthis thesis. NotebookLM and Google Gemini were used to organise working notes, clarifytechnical concepts, and explore ideas. ChatGPTwasused tobrainstormdesign alternatives,discuss the research framework, and help express the author’s ideas more clearly. Duringwriting, this included assistance with drafting, paraphrasing, and revising passages acrossthe thesis. Claude Code supported the implementation and debugging of the prototypedescribed in the methodology chapter.These tools helped the author explore possible approaches and refine the work. Thefinal decisions on the research questions, objectives, modelling choices, experimental de-sign, and interpretation of results remained with the author. The literature search, selec-tion and reading of academic papers were carried out by the author, who also checked thecitations and the claims supported by those sources.AI-generated suggestions, text, and code were reviewed and adapted before inclusion.Written content was checked for consistencywith the intendedmeaning, the cited sources,and the reported results. Suggested code was reviewed in relation to the intended be-haviour of the prototype and revised where necessary. AI outputs were treated as supportmaterial requiring verification, rather than as independent evidence. The author takes re-sponsibility for the final content, analysis, and conclusions.
1.8 Thesis StructureThis thesis is organised as follows. Chapter 2 reviews the literature on workforce schedul-ing, technician routing, duration prediction, and decision support. Chapter 3 describes thesynthetic data, system implementation, Machine Learning model, and CP-SAT schedulingformulation. Chapter 4 presents the capacity, geographic, travel, and skill diagnostics usedto identify the main operational bottlenecks. Chapter 5 reports the predictive evaluation,scheduling results, and what-if scenario experiments. Finally, Chapter 6 summarises the
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main findings, discusses the limitations of the prototype, and outlines directions for futurework.
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Chapter 2

Literature Review

This chapter presents a targeted review of the literature relevant to field technicianscheduling. The review was conducted using Google Scholar and the Ca’ Foscari Uni-versity Library System’s Banche dati electronic resources. Searches combined termsrelated to the application domain, including “Field Service Management”, “field technicianscheduling”, “Technician Routing and Scheduling Problem”, and “workforce scheduling”,with methodological terms such as “Machine Learning”, “service duration prediction”,“Constraint Programming”, “CP-SAT”, “decision support systems”, and “digital twin”.Priority was given to recent peer-reviewed journal articles and conference papers thatdirectly relate to the problem addressed in this thesis. Earlier studies were retained whenthey provide themain theoretical ormethodological foundations for technician scheduling,routing, optimisation, or predictive modelling. The aim of the review is not to cover everyaspect of field service operations, but to identify the techniques used in previous studiesand explain the choices made in the proposed prototype.The main focus of this thesis is the Field Technician Scheduling Problem (FTSP): as-signing the right technician to the right job while considering skills, available capacity, es-timated service duration, and service requirements. Routing literature is included to posi-tion the problem within the wider Operations Research literature, since travel affects thefeasibility and cost of an assignment. However, the prototype does not solve a completerouting problem with optimised job-to-job sequences. Instead, it focuses on technicianassignment and capacity planning using base-to-job travel estimates.The remainder of the chapter is organised around the main elements of the proposedapproach. First, it positions technician scheduling in relation to vehicle-routing andworkforce-scheduling problems. It then reviews exact, heuristic, and decomposed optimi-sation approaches. The following sections discussMachine Learningmethods for durationprediction, the predict-then-optimise paradigm, and decision-support and digital-twinconcepts. The chapter concludes by defining the research position and scope of the thesis.
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2.1 From Vehicle Routing to Field Technician SchedulingField service scheduling is related to the Vehicle Routing Problem (VRP), but it involvesmore than deciding which vehicle should visit which customer. In a traditional VRP, themain concern is usually the sequence of visits, vehicle capacity, and travel distance. In fieldservice operations, however, each intervention may require a technician with a specifictechnical skill, level of experience, or availability. The scheduling problem is therefore notonly about reaching a customer location, but also about assigning the right technician tothe right job.The VRP literature provides the starting point for this type of problem. The VehicleRoutingProblemwithTimeWindows (VRPTW)adds the requirement that customersmustbe served within specific time intervals, while the Multi-Depot VRP with Time Windowsconsiders vehicles or workers departing from different locations. These features are rel-evant to field service because technicians may start from different bases and jobs may besubject to Service Level Agreement (SLA) deadlines. Konstantakopoulos et al. [2] provide arecent classification of VRP variants and solutionmethods, showing how practical require-ments such as time, capacity, and geography increase the complexity of routing decisions.The literature gradually moved from general routing problems towards models thatrecognise the specific characteristics of the workforce. An early and important example isthe study by Cordeau et al. [3], which considers the scheduling of technicians and tasks ina telecommunications company. Their work shows that technicians cannot be treated asinterchangeable resources, because task requirements and technician qualifications limitthe set of feasible assignments. Pillac et al. [7] further develop this idea through the Tech-nician Routing and Scheduling Problem (TRSP), where skills, tools, spare parts, time win-dows, and route feasibility must be considered together. These studies are important be-cause they showhowservice operations combine geographical constraintswithworkforceconstraints.Castillo-Salazar et al. [1] provide a broader review of workforce scheduling and rout-ing problems. Their study highlights that workforce scheduling differs from standard ve-hicle routing because workers have qualifications, working-hour restrictions, and servicerequirements that directly affect feasibility. This distinction is particularly relevant to thepresent thesis. A technician may be geographically close to a job, but still be unable toperform it because the required skill is missing or because the technician does not haveenough remaining capacity during the working day.More recent research has also considered differences in technician performance. Yuet al. [6] study the Field Technician Scheduling Problem with experience-dependent ser-vice times. Their model recognises that the duration of the same intervention may varydepending on the technician who performs it. This is the study most closely related to themodelling choices in this thesis, since it supports the idea that service duration should not
8



always be treated as a fixed characteristic of the job. Instead, technician experience andjob characteristics can influence the time required and, consequently, the capacity avail-able for other assignments.The literature reviewed in this section therefore supports threemain choices in the pro-posed model: skill compatibility between technicians and jobs, daily capacity restrictions,and duration estimates that can vary across assignments. Travel is also included becauseit affects the time and cost of serving a job. However, the present thesis does not solve acomplete TRSP or optimise job-to-job route sequences. It focuses on the Field TechnicianScheduling Problem (FTSP), using base-to-job travel estimates to support daily technicianassignment and capacity planning. Detailed routing and visit sequencing remain relevantextensions for future work.
2.2 Solution Methods and Horizon DecompositionScheduling problems can be solved using different approaches, depending on the level ofdetail required and the size of the instance. Themain distinction is between exactmethods,which can prove that a solution is optimal for a given formulation, and heuristic or meta-heuristic methods, which aim to find good solutions within a limited computation time.In technician scheduling, the choice depends on the number of jobs and technicians, therouting detail included, and the operational constraints that must be represented.Exact optimisationmethods includeMixed-Integer Programming (MIP) and ConstraintProgramming. These approaches areusefulwhen themodel containshard restrictions thatcannot be ignored, such as skill compatibility, daily working capacity, crew requirements,or time limits. Planning and scheduling research shows that exact methods can providestrong guarantees, but their computational requirements increase rapidly as the numberof decisions and constraints grows [12]. In this thesis, Google OR-Tools CP-SAT is used tomodel binary technician–job assignments and integer capacity constraints. CP-SAT is wellsuited to this formulation because it can search for feasible schedules while enforcing theoperational restrictions directly [13].When routing and scheduling decisions become more detailed, exact approachesmay become difficult to apply to large instances. For this reason, many studies useheuristics and metaheuristics. Pillac et al. [7] propose a parallel matheuristic for theTechnician Routing and Scheduling Problem, combining large-neighbourhood searchwith mathematical-programming post-optimisation. Their work shows how a heuris-tic search can explore many possible routing and assignment combinations, while themathematical-programming stage improves promising solutions. More recently, Toazaand Esztergár-Kiss  [8] review 120 metaheuristic applications to TSP-based schedulingproblems, including genetic algorithms, ant colony optimisation, and simulated annealing.These methods are particularly useful when the objective is to obtain a good solution
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quickly rather than to prove global optimality.The choice between exact and heuristic approaches should therefore follow the struc-ture of the problem. A complete Technician Routing and Scheduling Problem includes jobsequencing, travel between visits, time windows, skills, and sometimes tools, spare parts,and crew synchronisation. Such a formulation can require a metaheuristic or matheuris-tic approach. The present thesis uses a narrower Field Technician Scheduling Problem. Itfocuses on daily technician assignment, skill compatibility, capacity restrictions, and base-to-job travel estimates. This more limited scope makes a CP-SAT formulation appropriate,while avoiding the complexity of fully optimised job-to-job routing.A further way to manage computational complexity is horizon decomposition. Insteadof solving the entire planning period as one large optimisation problem, the horizon canbe divided into smaller sequential subproblems. Glomb et al. [14] study rolling-horizonoptimisation and show how decisions made in one period affect the options available inlater periods. This approach creates a trade-off: each daily problem can be solved moreefficiently, but the resulting monthly plan is not guaranteed to be globally optimal. In thepresent prototype, the 30-day horizon is therefore solveddaybyday, whilemulti-day reser-vations transmit important commitments to subsequent days.Recent work also shows that technician scheduling models can be used for morethan generating a single schedule. Gamst and Pisinger [9] use the Technician Routingand Scheduling Problem as a decision-support tool for comparing scenarios involvingworkforce size, skills, working hours, and digitalisation. This perspective is particularlyrelevant to this thesis. The aim is not only to find a feasible assignment plan, but also touse themodel to identify capacity bottlenecks and test the effect of alternative operationalassumptions.
2.3 Machine Learning for Service-Duration PredictionThe quality of a technician schedule depends on the quality of the duration estimates usedto construct it. If a job is expected to take less time than it actually requires, the sched-uler may assign more work than a technician can realistically complete. This can createcapacity problems, missed SLA windows, and overtime that was not anticipated duringplanning. For this reason, estimating service duration is treated in this thesis as a super-vised regression problem: historical job and technician information is used to estimate thetime required for a future intervention.Machine Learning is widely used in industrial maintenance, although many studies fo-cus on related but different prediction targets. Carvalho et al. [15] review Machine Learn-ing applications in predictive maintenance, including fault detection, remaining useful life,and maintenance decision support. These applications help organisations understand thecondition of an asset or the likelihood of failure. Duration prediction addresses a more
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specific operational question: once a maintenance intervention has been identified, howlong is it likely to require? This distinction is important because the predicted duration isused directly as an input to technician capacity planning.Research in service management also shows that contextual information can improveoperational predictions. Zuev et al. [16] study Machine Learning in IT service manage-ment, using ticket characteristics and historical resolution information to identify the riskof SLA violations. Although their application concerns IT incidents rather than physicalfield service, the study shows that job categories, past performance, and service-processinformation can support operational decision-making. In a field service setting, similar in-formation may include equipment characteristics, job complexity, technician experience,travel requirements, and service priority.The study by Poutiainen [17] is particularly relevant to this thesis because it focusesdirectly on field-service duration estimation and workforce qualification. The work com-bines structured information with textual task descriptions and shows that a data-drivenapproach can improve duration estimation compared with a historical baseline. However,its reported prediction results concern daily bundles of tasks rather than individual inter-ventions. This difference matters because a model may perform differently when predict-ing the duration of a single job compared with the total workload of a technician during aday. Nevertheless, the study supports the central idea that fixed duration estimates can beimproved by considering the characteristics of both the task and the workforce.Random Forest is one possible method for this type of prediction. Introduced byBreiman [18], Random Forest combines the predictions of many decision trees and canrepresent nonlinear relationships and interactions between variables. These propertiesare useful when duration may depend on several connected factors, such as equipmentage, job complexity, travel time, and technician experience. In the present thesis, RandomForest is used as a flexible regression model whose predictions and feature-importancesummaries can be inspected rather than as an assumption that amore complexmodel willalways perform better. Its performance is compared with the original static estimate andsimpler alternative models.The purpose of the predictive layer is therefore not to replace the dispatcher or tomakea complete operational decision on its own. Its role is to provide amore informed estimateof service effort for the scheduling model. The following section explains how these esti-mates are connected to the CP-SAT optimiser and why predictive accuracy must be consid-ered separately from the quality of the resulting schedule.
2.4 The Predict-Then-Optimise ParadigmPredict-then-optimise is an approach that connects a predictive model with an optimisa-tion model. In the first phase, a Machine Learning model estimates an uncertain quantity,
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such as cost, demand, travel time, or service duration. In the second phase, an optimisationmodel uses that estimate to select a feasible decision. In this thesis, the predicted quantityis job duration and the downstream decision is the assignment of technicians to servicejobs.This approach is useful because operational decisions often depend on informationthat is not known with certainty at the time of planning. However, a prediction modelwith a low average error does not automatically produce the best operational decision. Asmall duration errormay have little effect if a technician still has enough available capacity,while a similar error may make another job infeasible or cause an SLA-related delay. Thequality of the prediction and the quality of the scheduling decision are therefore related,but they are not the same thing.Elmachtoub and Grigas [10] formalise this distinction through the Smart Predict-then-Optimise (SPO) framework. Their work compares the decision made using predicted val-ueswith the decision thatwould have beenmade if the true valueswere known. This shiftsattention from prediction error alone to the operational consequences of prediction error.The framework is important because it explains why amodel should not be evaluated onlythroughmeasures such asMeanAbsoluteError (MAE)orRootMeanSquaredError (RMSE)when its predictions are later used in an optimisation problem.Applying decision-aware learning can be difficult when the downstream optimisationproblem is complex. Mandi et al. [11] examine this challenge for hard combinatorial opti-misation problems and discuss approaches such as relaxations and warm starts to reducethe computational burden of solving an optimiser repeatedly duringmodel training. Theirwork shows that integrating prediction and optimisation more closely is possible, but itcan require substantially more computation and a more specialised training process.The present thesis adopts a sequential predict-then-optimise design. A Random For-est model is trained on historical service records and produces duration estimates for thesimulation jobs. These estimates are then passed to the CP-SAT scheduling model, wherethey affect daily capacity consumption, labour cost, assignment feasibility, and multi-dayreservations. The approach does not train the predictor directly on the final schedulingobjective. Instead, it evaluates the predictive model and the scheduling model separately,making it possible to identify whether a change in planning results comes from durationestimation or from the optimisation constraints.This separation is also importantwhen interpreting the results. Thepredictivemodel isevaluated using historical duration outcomes, while the scheduling experiments compareplans generated under different duration assumptions. Because the simulation jobs donot contain realised future execution outcomes, the reported planning indicators describethe behaviour of the model under each duration regime rather than proven operationalsavings. This provides a clear basis for the experiments while identifying decision-awarelearning and execution-based validation as directions for future work.
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2.5 Decision Support and Digital-Twin Concepts in Field
Service ManagementOptimisation models are more useful in practice when planners can understand and com-pare their results. A Decision Support System (DSS) does not simply produce one recom-mended solution. It helps users inspect alternatives, identify constraints, and understandthe trade-offs behind a decision. In field service operations, this may involve comparingtechnician assignments, travel requirements, workloaddistribution, service priorities, andunassigned jobs. Gupta et al. [19] discuss the role of artificial intelligence in operations-research decision-support systems, emphasising the use of analytical models to support,rather than replace, managerial judgement.The user interface is therefore part of the decision-support process. A dispatcher mayneed to inspect the assignment of a particular technician, while amanagermay bemore in-terested in overall capacity shortages, service coverage, or the effect of a workforce reduc-tion. Arin et al. [20] propose a Field Service Management information-system prototypewith separate views for managers and field workers. Their work is relevant because itshows that different users require different types of information, even when they interactwith the same operational data.Digital Twin concepts extend this idea by linking a digital representation of an opera-tion with information about its physical counterpart. In industrial maintenance, this caninvolve equipment data, workforce information, predictive models, and planning deci-sions. Gómez Fernández  and Crespo Márquez   [21] discuss how artificial intelligence andMachine Learning can support maintenance planning, while also highlighting practicalissues such as model deployment, explainability, and changes in operational data overtime. These issues are important for a future industrial implementation, where a durationmodel would need to be monitored and updated as equipment, technicians, and workingpractices change.Some field-service and routing studies also consider dynamic decisions. For example,Park et al. [22] examine awaiting strategy in a vehicle-routing setting, where delaying a de-cision can create flexibility for future requests. Such approaches are relevant when live jobarrivals, traffic conditions, or unexpected events require continuous rescheduling. How-ever, they are outside the scope of the present prototype, which uses a synthetic planningscenario rather than real-time operational data.The present system is therefore positioned as a digital-twin-inspired decision-supportprototype. It provides a virtual representation of a synthetic field-service operation inwhich users can generate assignments, inspect a map and schedule board, compare dura-tion assumptions, and test operational scenarios. It does not maintain a continuous con-nection with a physical service operation, and it is not intended to replace a productionField Service Management platform. Its purpose is to support scenario analysis and capac-
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ity diagnosis before a decision is implemented in practice.
2.6 Research Positioning and ScopeThe literature reviewed in this chapter shows that field service operations bring togetherseveral connected challenges: technician skills, service duration, travel, capacity restric-tions, and changing operational conditions. Previous studies provide detailed routing for-mulations, heuristic and exact solution methods, predictive models, and decision-supportapplications. The present thesis does not claim to solve all of these challenges within onesystem. Instead, it combines selected elements that are directly relevant to daily technicianassignment and capacity planning.The research position of this thesis is a Field Technician Scheduling Problem in whichMachineLearning is used to estimate service duration andConstraint Programming is usedto allocate technicians to jobs. Themodel considers skill compatibility, daily capacity, base-to-job travel time,multi-day reservations, and crewrequirements. This creates amore real-istic planning problem than one based only on fixed job durations, while remaining smallerand more transparent than a complete Technician Routing and Scheduling Problem.The study deliberately focuses on assignment rather than detailed route construction.Inter-job route sequences, exact start times, breaks, and live traffic updates are not optimi-sation decisions in the current prototype. This allows the model to examine how durationestimates and capacity restrictions affect assignment coverage without claiming to opti-mise every aspect of field service execution.The contribution is therefore not a new optimisation algorithm or a deployed DigitalTwin. It is the implementation and evaluation of a predict-then-optimise decision-supportprototype for a defined synthetic field-service scenario. The evaluation compares alterna-tive duration estimates, identifies capacity bottlenecks, and tests how operational disrup-tions affect the generated plans. Predictive accuracy is assessed using historical outcomes,while the scheduling experiments describemodel-conditional planning results rather thanrealised operational savings.This scope provides a controlled basis for studying the interaction between durationprediction, constrained technician assignment, and capacity diagnosis. It also identifiesclear directions for futurework, including detailed routing, live data integration, execution-based evaluation, and decision-aware learning.
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Chapter 3

Methodology and System Architecture

This chapter describes the methodology and system architecture of the proposed field-service scheduling prototype. The approach follows a sequential predict-then-optimiseprocess. First, a Random Forest model is trained on historical technician assignments toestimate the duration of future service jobs. These estimates are then passed to a CP-SATschedulingmodel, which assigns technicians while considering skills, daily capacity, travelrequirements, multi-day reservations, and crew requirements. Separating prediction fromoptimisationmakes it possible to examine both the accuracy of the duration estimates andtheir effect on the schedules generated by the system.The following sections describe the synthetic scenario and input data, the architectureof the prototype, the predictive and prescriptive layers, and the experimental design usedfor evaluation. Historical and simulation records are kept separate throughout the processso that future planning data are not used during model training.
3.1 Synthetic Data and Scenario DesignThe prototype is evaluated using a synthetic but operationally plausible field-service sce-nario. It represents a mid-sized European industrial service provider operating acrossItaly, Germany, France, Spain, and the United Kingdom. The scenario includes technicianswith different skills and experience levels, service jobs with different priorities and dura-tion requirements, and travel information between technician bases and customer loca-tions. It provides separate historical records for training the predictive model and futuresimulation jobs for the scheduling experiments.The purpose of the synthetic scenario is to create a controlled setting inwhich durationestimates, capacity restrictions, and operational disruptions can be compared consistently.It is designed to support the evaluation of the proposedmethodology rather than to repro-duce the data of a specific company. The following subsections explain the rationale forthis choice, the structure of the datasets, and the geographic and temporal characteristicsof the scenario.
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3.1.1 Rationale for Synthetic DataOperational Field Service Management data often contain commercially sensitive informa-tion and personal data. No proprietary dataset was available for this study. Synthetic datawere therefore created tobuild a reproducible research scenariowhile preserving themaincharacteristics needed for technician scheduling. The operational interpretation of the sce-nariowas informedby the author’s experience at KörberTissue S.p.A. andOVS, but the datawere constructed specifically for this thesis.The synthetic tables encode controlled assumptions about job complexity, expectedand actual duration, technician skills, priorities, geographic locations, and travel. Thismakes it possible to compare alternative duration regimes and planning scenarios underthe same conditions. In particular, the separation between historical and simulationrecords allows the prediction model to be trained on past assignments and then appliedto future jobs without using future information during training.The use of synthetic data also creates limitations. The patterns learned by the predic-tion model depend on the rules used to generate the historical records, and the reportedplanning results describe the behaviour of the prototype within this scenario. Before theapproach could be used for operational decisions in a real company, the assumptions, dataquality, and model performance would need to be reassessed using real field-service data.
3.1.2 Input Datasets and Their RelationshipsFive input datasets support the prediction and scheduling layers: technicians, historicaljobs, historical assignments, simulation jobs, and a simulation travelmatrix. The historicaldatasets provide the information used to train and validate the duration model, while thesimulation jobs and travel matrix are used to generate future schedules. Their keys andjoin relationships are shown in Figure 3.1.
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TRAINING DATA  ·  historical days −90 to −1 PLANNING DATA  ·  simulation days 1 to 30

PK = primary key; FK = foreign key; 1–N = one record relates to many rows. Selected columns only;→ gives the count after the 15-technician expansion.

jobs_historical
3,000 rows · 20 columns
PK job_id

machine_category
priority, sla_hours
expected_duration_hours
complexity_score

technicians
50 → 65 rows · 19 columns
PK tech_id

expertise_modules
base_country
max_daily_minutes
overtime_allowed

jobs_simulation
1,000 rows · 20 columns
PK job_id

machine_category
priority, sla_hours
expected_duration_hours
planned_day

historical_assignments
3,000 rows · 14 columns
FK job_id
FK tech_id

actual_duration_hours
travel_hours, was_late

travel_matrix
50,000 → 65,000 rows · 8 columns
FK tech_id
FK job_id

distance_km, travel_type
travel_hours, travel_cost

1
N

1
N

1
N

1
N

Figure 3.1: Five input datasets and their join relationships. Historical assignments link trainingjobs to technician attributes andprovide observed travel hours. The separate travelmatrix suppliessimulation job–technician pairs. PK denotes a primary key and FK a foreign key.
Source: own elaboration from the five input datasets and prototype schema.The technicians dataset contains 50 technicians distributed across five countries:Spain (14), Germany (13), Italy (9), France (9), and the United Kingdom (5). Each recordincludes capability information, such as job role, technical level, and eight expertise mod-ules. It also includes performance information, with amean experience level of 8.6 years, amean quality score of 4.02/5, and amean first-time-fix rate of 81.9%. Cost and availabilityinformation include a mean hourly cost of EUR 47, a daily capacity of 480 minutes, andovertime eligibility for 33 of the 50 technicians.The job data is divided into separate historical and simulation tables to preserve tem-poral separation. The historical jobs table contains 3,000 records from Days -90 to -1 andincludes the planned job attributes and expected duration. The historical assignments ta-ble records the observed execution outcomes, including actual duration, travel hours, SLAoutcome, delay reason, and customer feedback. The simulation jobs table contains 1,000records from Days 1 to 30. It includes expected durations but no actual execution out-comes, since these jobs are used for future planning. The simulation jobs cover sixmachinecategories and three priority tiers, and 22.8% require two technicians. The correspondingproportion in the historical data is 25.0%.
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The travel matrix pre-computes all technician–job pairings used by the schedulingmodel: 50,000 pairings for the initial workforce and 65,000 after workforce augmenta-tion. For the original 50-technician workforce, the average distance is 1,140 km, the aver-age travel time is 3.2 hours, and the mean direct travel cost is EUR 281 per trip. Transportmode is derived from distance: flights are used for routes above 800 km (85.0%), rail fordistances between 300 and 800 km (12.2%), and road below 300 km (2.8%). Each pair-ing also includes a stochastic arrival-delay risk, with a mean of 39.6% and a range from0.6% to 60.3%. This risk contributes to the composite risk-scoring framework. A binary
visa_required variable represents cross-border administrative requirements.The historical assignments table also provides an initial descriptive view of the dura-tion bias motivating the predictive layer. Mean actual duration is 14.1 hours, comparedwith a mean planned duration of 12.3 hours. This corresponds to an average overrun of1.8 hours, or approximately 15% of the planned duration. The overall late rate is 21.1%,although it differs substantially by priority: 85.1% for critical jobs, 34.3% for high-priorityjobs, and 0.2% for normal-priority jobs. Among the 632 late assignments, missing partsaccount for 15.3%, travel delays for 13.1%, unexpected complexity for 7.6%, and customerunavailability for 5.1%.
3.1.3 Geographic Representation and Dataset ScaleTechnician bases and job sites are distributed around European manufacturing and logis-tics hubs, including Milan, Frankfurt, Madrid, and Barcelona. Their coordinates providea geographic representation of the cross-border operating scenario and are used for mapvisualisation and descriptive geographic analysis. Great-circle distances calculated fromthese coordinates are used in the geographic diagnostic reported in Table 4.2.The scheduling model uses a separate stored travel matrix. This matrix contains syn-thetic distances, travel times, and travel costs for each technician–job pairing, and its dis-tance values do not reproduce the great-circle distances calculated from the coordinates.Therefore, the coordinate-based analysis describes the spatial layout of the scenario, whileall scheduling runs use the travel times and costs supplied by the travel matrix. This dis-tinction limits how precisely the geographic results can be interpreted and should be con-sidered when comparing map-based diagnostics with optimisation outputs.The dataset scale consists of 50 technicians in the initial workforce, 3,000 historicalrecords, and 1,000 simulation jobs. The workforce is expanded to 65 technicians in theaugmentation scenario. This scale provides amanageable prototype instancewhile retain-ing heterogeneous skills, geographically dispersed demand, and two-technician crew re-quirements. The daily CP-SAT solver is run with a five-second time limit in the reportedconfiguration.
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3.2 System Architecture and Prototype DesignThe prototype brings together data storage, duration prediction, technician scheduling,and visual inspection within a web-based decision-support system. Its architecture sep-arates these functions so that the predictive model, scheduling model, and interface canbe examined independently. This separation also supports the experiments: alternativeduration inputs can be passed to the same scheduling model, and the resulting plans canbe compared through the same interface.
3.2.1 Overall System ArchitectureThe system is implemented as a three-tier application, consisting of a presentation layer,an application layer, and a data layer.The presentation layer is built with React 19 and TypeScript. It provides the schedul-ing controls, maps, assignment views, and scenario summaries used by the dispatcher.Leaflet supports geographic visualisation, while the schedule board includes drag-and-drop controls formanual reassignment. Socket.IO allows interface updates without aman-ual page refresh. These updates concern changes within the application; they do not implythat the prototype receives live data from a physical service operation.The application layer uses FastAPI to handle application programming interface (API)requests. The Random Forest duration model, CP-SAT scheduling engine, and compositerisk scorer are implemented as separate Python modules. Each module has a distinct role:estimating service duration, generating technician assignments, or calculating diagnosticrisk indicators. Keeping these functions separate makes their behaviour easier to inspectand avoids combining prediction accuracy with scheduling performance.Thedata layer uses PostgreSQLwith the PostGIS spatial extension. It stores technicianbases, job locations, and displayed travel paths alongside the operational records. Theruntime database contains six tables: technicians, jobs, historical_assignments,
travel_matrix, routes, and job_assignments. Historical and simulation jobsshare the jobs table but are distinguished by a historical-record flag. The routesand job_assignments tables are populated when schedules are generated. Followingworkforce augmentation, the stored travel matrix contains 65,000 technician–job pairings.The distinction between the five input datasets and the six runtime tables is thereforeimportant. The input datasets provide the records needed to initialise the prototype, whilethe database also stores the assignments and displayed routes produced during planning.
3.2.2 Technology Stack and Design ChoicesThe technology stack supports a modular implementation using open-source tools. Reactprovides the interactive interface, FastAPI connects that interface to the Python analyti-cal modules, and PostgreSQL with PostGIS stores both operational and geographic infor-
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mation. This arrangement allows the planning workflow to be presented through a webinterface without embedding the analytical logic directly in the frontend.Google OR-Tools CP-SAT is used to express binary technician–job assignments, integercapacity restrictions, and penalties for unmet staffing demand. It also reports solver statusand bounds, allowing a feasible solution to be distinguished from a proven optimum forthe daily formulation [13]. Its use is consistent with the focus on constrained assignmentrather than complete route optimisation.Random Forest provides the duration predictions used by the scheduling engine. Itcan represent nonlinear relationships and interactions among the input variables, whileimpurity-based feature importance offers a summary of how the fitted model uses thosevariables [18]. These summaries support model inspection but are not interpreted ascausal effects. The choice of RandomForest does not imply that itmust outperformsimplerpredictors; that question is examined through the predictive benchmark.Together, these components keep data management, prediction, optimisation, and pre-sentation separate while allowing them to operate within one prototype.
3.2.3 Prototype Development ProcessDevelopment followed four activities: requirements definition, design, construction, andlocal demonstration. The starting point was the dispatcher workflow: select a planninghorizon, generate assignments, inspect the resulting plan, and compare alternative dura-tion or disruption scenarios. The research requirements also included maintaining theseparation between historical and simulation records andmaking unassigned demand vis-ible.The design translated these requirements into separate analytical modules and inter-face views. The overview presents aggregate planning indicators, while the map, timeline,schedule board, and job explorer allow users to inspect individual assignments. The anal-ysis view brings together duration-model diagnostics and scenario controls. The purposewas to make both the selected assignments and the remaining capacity problems accessi-ble to the user.Construction involved implementing these components, reviewing the code, and check-ing system behaviour through experiments. AI tools supported aspects of implementation,debugging, and document preparation, as described in Section 1.7. The author retainedresponsibility for the modelling decisions, experimental design, and interpretation of theresults.The final activity prepared the prototype for local demonstration of the planning work-flow. This was not a production deployment or formal user-acceptance study. Authentica-tion, operational monitoring, and acceptance testing with commercial dispatchers remainoutside the present implementation, as discussed in Section 6.2.
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3.2.4 User Interface and Decision-Support FunctionsThe interface contains six views, each supporting a different part of the planningworkflow.
Overview brings together indicators for the saved plan, including job coverage, unas-signed work, regional coverage, travel, cost, and route risk. It provides a starting point foridentifying where the plan leaves demand uncovered.
Map displays technician bases, job sites, and route polylines on a Leaflet basemap. Aday control allowsusers to inspect assignments across theplanninghorizon. Thedisplayedlines connect stored locations; they are not optimised road itineraries.
Timelinepresents assignments by technician andday. Selecting anassignment opens adetail drawer containing the associatedwork, travel, cost, and jobs. The timeline is a visualreconstruction of saved planning information rather than a detailed execution schedulewith optimised start times.
Schedule presents daily job cards and manual reassignment controls. These controlssupport interactive inspection and adjustment, subject to the validation boundary de-scribed in Section 3.6; their presence should not be interpreted as a guarantee that everymanual change has the same validation as a solver-generated plan.
Jobs provides filters and job-level details, including assigned technicians, travel infor-mation, and risk indicators. It allows users to investigate individual jobs rather than rely-ing only on aggregate results.
Optimisation & Analysis contains the duration-model panel, static and ML planningcontrols, and what-if scenario tools. This view supports comparisons between planningassumptions and helps users inspect how changes affect the generated assignments.The selected interface states in screenshots 3.1 to 3.5 illustrate these functions. Thenumerical evaluation of the prototype is presented separately in Chapter 5.
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Screenshot 3.1: Overview, showing the six saved-plan indicators in two legible crops of the samescreen: job coverage, unassigned work, route cost, travel time, route risk and two-technician crewfulfilment.
Source: author’s screenshot of the FSM prototype.

Screenshot 3.2: Map view with a selected route popup in static mode. The coloured lines connectstored locations rather than showing road itineraries.
Source: author’s screenshot of the FSM prototype.
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Screenshot 3.3: Timeline with a selected technician-day assignment (left) and its route detaildrawer (right). Bar lengths are a visual reconstruction from saved route hours and daily capac-ity.
Source: author’s screenshot of the FSM prototype.

Screenshot 3.4: Jobs view filtered to critical work (left), with the selected job’s attributes, techni-cian assignment and travel/risk detail (right). Expected duration is the static job input.
Source: author’s screenshot of the FSM prototype.
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Screenshot 3.5: Optimisation & Analysis with ML mode selected for the 30-day planning horizon.Model comparisons and saved planning indicators are reported in Tables 5.1 and 5.3.
Source: author’s screenshot of the FSM prototype.
3.3 Predictive Layer: Service-Duration EstimationThe predictive layer estimates the service time required for a job when performed by aparticular technician. It uses historical job attributes, technician profiles, and assignmentrecords to learn the relationship between planned and actual duration. Its output is a dura-tion estimate, not a technician assignment: the choice of technician is made subsequentlyby the scheduling model.
3.3.1 Prediction Problem and Target VariableThe prediction task is formulated as a supervised regression problem. Given the charac-teristics of a job and its assigned technician, the model estimates the actual_duration_
hours recorded in the historical assignments dataset. These predictions are evaluatedagainst the static expected_duration_hours field, which represents the original plan-ning estimate.The historical records show an average duration overrun of approximately 15% rela-tive to the planned duration, as described in Section 3.1.2. However, this difference is notuniform across jobs. Interventions in the highest complexity tier, with a complexity score
≥ 6, exceed their planned duration by an average of 3.5 hours, compared with 0.6 hoursin the lowest tier. This motivates examining whether contextual information can improveduration estimation beyond a fixed planning value.A context-dependent predictor is therefore comparedwith both the raw static estimateand a calibrated multiplier. The multiplier provides a simple way to correct average bias,while the learnedmodel canalso respond todifferencesbetween jobs and technicians. Thiscomparison helps distinguish the value of correcting systematic underestimation from thevalue of modelling individual variation.Figure 3.2 shows how the predictive layer connects to technician scheduling.
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PHASE 1 · PREDICT

PHASE 2 · OPTIMISE

Historical records3,000 assignmentsjoined with job andtechnician attributes
Feature set16 engineeredfeatures incl. twointeraction terms

Random Forest200 trees, depth 125-fold CV R² = 0.748MAE = 3.00 h
Duration estimate
pij per technician–jobpair, bounded to50–300% of static

Planning inputs1,000 jobs · 65 techs65,000 travel pairsskill matrix
Duration regimestatic · calibratedRF mean · RF + 0.5σRF + 1.0σ

Daily CP-SAT model30 sequential daysskill, capacity, crewshortfall penalties
Plan and KPIsassignments, routescost, coverage, SLAproxy, utilisation

↻  multi-day reservations and unassigned jobs carry over to day d + 1
Figure 3.2: The two-phase pipeline. Phase 1 trains a Random Forest on 3,000 historical assign-ments joinedwith job and technician attributes; observed travel hours come from the assignments.Phase 2 uses predicted durations as input to a per-day CP-SAT solver. The ablation toggle selectsstatic or ML-predicted durations for the optimiser.

Source: own elaboration from the prototype training and scheduling code.
3.3.2 Feature EngineeringThe model uses sixteen features organised into four groups: job attributes, technician at-tributes, operational context, and interaction terms. Historical jobs and assignments arejoinedwith technician records to construct these inputs. Historical travel hours come fromthe assignment records, while the simulation travel matrix supplies the correspondingplanning information for future technician–job pairings.
Job attributes. The static estimate, expected_duration_hours, provides the mainreference value. Additional inputs are complexity_score, measured on a 1–9 scale,
machine_age_years, an ordinal priority encoding, and three binary intervention-typeindicators: is_corrective, is_installation, and is_upgrade. These features allowthe prediction to vary with the nature and difficulty of the intervention.
Technician attributes. The assigned technician is described through
experience_years, technical_level, coded 0–2, quality_score, and
first_time_fix_rate. Including technician information allows the same job to receivedifferent duration estimates for different candidate technicians.
Operational context. The model also includes travel_hours,
spare_parts_required, and parts_in_stock. These variables describe the logisticalcontext associated with the intervention. Their inclusion allows the model to captureassociations in the synthetic historical data; it does not establish a causal effect on service25



duration.
Interaction terms. Two additional features combine job and technician information. Thefirst, complexity_x_age, multiplies the complexity score by machine age. It representsthe possibility that complexity and equipment age jointly affect service effort. Thesecond, experience_gap, subtracts the task complexity score from the technician’syears of experience. This is an engineered numerical proxy for the relationship betweenexperience and task difficulty, rather than a direct measure of skill compatibility.Skill compatibility is enforced separately by the scheduling model. The duration pre-dictor estimates service effort for a pairing; it does not determine whether the technicianholds the qualifications required to perform the job.
3.3.3 Model SelectionRandom Forest is used as the implemented duration predictor because it can representnonlinear relationships and interactions between the input features. It also providesfeature-importance summaries that support inspection of the fitted model. The configura-tion uses 200 trees, a maximum depth of 12, a minimum leaf size of 5, and a random seedof 42.The choice is evaluated against alternative models rather than treated as evidence thatRandom Forest is inherently superior. The benchmark in Table 5.1 compares Random For-est, linear regression, and gradient boosting using the same 5-fold cross-validation strat-egy. Linear regression achieves a slightly higher R2 of 0.759, compared with 0.748 forRandom Forest.Random Forest is therefore retained as the prototype predictor, not as the most accu-rate model in the benchmark. It corrects the downward bias of the static estimate, whilethe simpler alternatives remain important comparators. The results are interpreted interms of both aggregate prediction error and the extent to which improvement can beachieved through a simpler bias correction.
3.3.4 Validation StrategyPredictive performance is evaluated using shuffled 5-fold cross-validation across the 3,000historical assignments. Each fold is held out in turn, and themodel is trained on the remain-ing records. RMSE, MAE, andR2 are reported as mean scores across the five folds. Overallbias and residual spread are calculated from the pooled out-of-fold predictions.Random Forest achieves an RMSE of 4.38 hours, an MAE of 3.00 hours, and a cross-validatedR2 of 0.748. The in-sampleR2 of 0.880 describes the fit to training records and isnot used as evidence of performance on unseen assignments. The cross-validation scoresprovide the more relevant assessment of predictive fit within the synthetic historical pop-ulation.
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Historical and simulation records remain separate throughout this process. Simulationjobs are not used for training or validation. However, the shuffled cross-validation foldsare not chronological or technician-grouped splits, so individual technicians may appearin both training and validation records. The evaluation therefore does not establish per-formance on entirely new technicians or under changing operational conditions.After validation, themodel is refitted on all 3,000 historical records for downstream in-ference. For simulation jobs, each predicted duration is bounded between 50% and 300%of the static expectedduration. This limits extremeestimates before they enter the schedul-ing model; it is an implementation safeguard rather than a calibrated prediction interval.
3.3.5 Predictive Uncertainty and Safety BuffersIn the standard ML planning mode, the model supplies a single duration estimate for eachjob–technician pairing. The dashboard and CP-SAT solver use this point estimate withouta job-specific uncertainty interval.Two additional planning regimes introduce global safety buffers based on the cross-validation residuals. The pooled out-of-fold predictions produce a residual standard devi-ation of σ = 4.38 hours. Uniform offsets of 0.5σ and 1.0σ are added to predicted durationsin the conservative regimes described in Section 3.5.2.These offsets provide a controlled way to examine how greater planning conservatismchanges the schedule. They donot represent calibrated confidence levels or guarantee thata particular proportion of jobs will finish within the buffered duration. The same offset isapplied across jobs, although prediction uncertainty may differ by task or technician.The spreadof predictions across theRandomForest’s 200 trees is alsodistinct frompre-diction error against held-out outcomes. Without calibration, tree-to-tree variation shouldnot be interpreted as a reliable prediction interval. The present experiments therefore usethe empirical residual spread as a global sensitivity parameter. Job-specific calibrated pre-diction intervals remain a possible extension, discussed in Section 6.3.
3.4 Prescriptive Layer: CP-SAT Technician SchedulingThe prescriptive layer uses the duration estimates to assign technicians to service jobs. Itspurpose is to balance assignment cost against unmet staffingdemandwhile respecting skillcompatibility and daily capacity. Themodel considers travel from each technician’s base tothe job location, but doesnot optimise travel sequences between jobs. The30-dayplanninghorizon is solved through sequential daily subproblems, connected by job carryover andmulti-day technician reservations.
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3.4.1 Scheduling Problem and Mathematical FormulationFor each day d, the CP-SAT model determines which available technicians are assigned tothe jobs released or carried over to that day. The duration input depends on the selectedexperimental regime: it may be the static estimate, a calibrated estimate, a Random For-est prediction, or a buffered prediction. The assignment formulation remains unchangedacross these regimes.
Sets and parameters. For a given day d, let Id denote the set of available technicians(indexed by i) and Jd denote the pool of newly released and carried-over jobs (indexed by

j). Each job requires a crew of size nj ∈ {1, 2} and carries a priority weight wj ∈ {3, 2, 1}corresponding to critical, high, and normal urgency, alongside a base shortfall penalty of
P = 50,000 EUR per unfilled crew slot. Skill compatibility between technician i and job jis given by the binary parameter Sij ∈ {0, 1}. For each pair (i, j), let tij denote the base-to-job travel time in hours, cij the corresponding travel cost in euros, and pij the estimatedrepair duration in hours.The notation pij accommodates technician–job-specific predictions. In ML mode, theestimate depends on both job attributes and technician characteristics. In static mode, thesame job estimate is used across candidate technicians.On the workforce side, each technician i has a standard or scenario-reduced shift du-ration bi (480 minutes by default), a standard hourly wage hi, an overtime hourly wage ri,and an overtime eligibility indicator oi ∈ {0, 1}. Let e ∈ {0, 1} indicate whether overtimeis enabled for the run. The effective daily capacity is Ci = 600minutes when eoi = 1, and
Ci = bi otherwise.

Derivedquantities. Total travel and service time is converted into integerminutesmij .The first-day capacity consumption aij is capped at the technician’s effective daily capacity:
mij = ⌊60(tij + pij)⌋, aij = min(mij, Ci). (3.1)The assignment cost qij combines travel and labour costs:

qij = cij +











hi

min(mij, bi)

60
+ ri

max(0,mij − bi)

60
, if eoi = 1,

hi

mij

60
, if eoi = 0.

(3.2)
This is the assignment-level cost used by the solver. It should be distinguished fromthe route-level accounting used to produce the dashboard’s reported cost, as discussed inSection 6.2.
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3.4.2 Constraints and Objective FunctionThe binary variable xij ∈ {0, 1} indicates whether technician i is assigned to job j on day
d. The integer variable uj ∈ {0, . . . , nj} records the number of unfilled crew slots. Assign-ment costs and penalties are expressed in integer cents for the CP-SAT objective:min ∑

i∈Id,j∈Jd

⌊100qij⌋xij +
∑

j∈Jd

100Pwjuj (3.3)s.t. xij ≤ Sij ∀i ∈ Id, j ∈ Jd (skill compatibility) (3.4)
∑

i∈Id

xij + uj = nj ∀j ∈ Jd (crew demand) (3.5)
∑

j∈Jd

aijxij ≤ Ci ∀i ∈ Id (first-day capacity) (3.6)
xij ∈ {0, 1}, uj ∈ {0, . . . , nj} ∀i ∈ Id, j ∈ Jd (variable domains) (3.7)The objective combines assignment costs with priority-weighted penalties for unfilledcrew slots. The large shortfall penalty encourages staffing coverage, with a greater penaltyattached to critical and high-priority demand. It is a weighted objective, rather than a hardguarantee that every high-priority job will receive a complete crew.Constraint (3.4) prevents assignments to technicians without the required expertise.Constraint (3.5) accounts for the required crew size through assigned technicians and un-filled slots. Because staffing gaps are penalised rather than prohibited, a two-technicianjobmay receive only one technicianwhen capacity is scarce. This distinctionmatterswheninterpreting assignment coverage: receiving at least one technician is not equivalent to re-ceiving a complete crew. The formulation also does not enforce synchronised arrival times.Constraint (3.6) limits each technician’s first-day workload. For a job requiring morethan one shift, the capped quantity aij consumes the full available shift rather thanmakingthe assignment infeasible. Subsequent occupied days are handled through reservationsoutside the daily solver, as explained below.The objective does not contain a hard SLA-completion constraint or the composite riskscore. SLA-related indicators and risk scores are calculated separately from the generatedassignments.

3.4.3 Skill Compatibility and Capacity FeasibilitySkill eligibility is defined from the recorded expertise modules. Table 3.1 shows the map-ping between machine categories and acceptable modules for the initial 50-technicianworkforce. Where alternatives are listed, matching at least one is sufficient; the OR opera-tor is inclusive. Technicians may therefore belong to several overlapping skill pools. Theliteral module name used for robotic-arm work is robots.An initial capacity diagnostic examines whether each simulation job could fit within a
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Table 3.1: Skill compatibility matrix (initial 50-technician workforce).
Machine category Required module(s) Eligible technicians (n=50)

pump pumps 28
motor motors 15
plc plc 19
robotic_arm robots 15
sensor_network sensors OR networks 35
conveyor hydraulics OR drives OR motors 37

Source: own elaboration from the synthetic technician and job datasets.
single standard 480-minute shift. For this check, the entire service duration and the min-imum stored travel time among eligible technicians must fit within the daily limit. Thisdiffers from the implemented multi-day formulation, which caps first-day consumptionand reserves subsequent days.The check identifies 762of the1,000 jobs as exceeding the single-shift limit, leaving238individually feasible jobs, as shown in Figure 3.3. Individual feasibility does not mean thatall 238 jobs can be assigned together: they still compete for technicians and capacity. Thediagnostic isolates the single-shift restriction before considering the combined schedulingproblem.The regional, daily, and skill-related implications of this bottleneck, together with thefour-lever response, are examined in Section 4.6.

Figure 3.3: The capacity bottleneck. Of 1,000 simulation jobs, 762 (orange) exceed the 480-minutedaily limit even when paired with the eligible technician with the shortest stored travel time inthe original 50-person workforce. Only 238 jobs (blue) are feasible within a single shift under theoriginal constraints.
Source: own elaboration from the synthetic simulation jobs and saved capacity diagnostic.
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3.4.4 Daily Decomposition and Multi-Day ReservationsThe 30-day horizon is divided into sequential daily subproblems to keep each solver in-vocation manageable. Daily decisions remain connected through technician reservationsand the carryover of unassigned jobs.After an assignment is selected, a technician whose travel and service requirement ex-ceeds one shift is reserved for ⌈(tij + pij)/(Ci/60)⌉ working days, including the start day.The final blocked day is d + ⌈(tij + pij)/(Ci/60)⌉ − 1. These are whole-day reservations:the prototype does not represent the precise start and completion times or release unusedcapacity on a partially occupied final day.When daily capacity is insufficient, unassigned jobs are carried into the next day’s can-didate pool through the rolling carryover mechanism described as Lever 3 in Section 4.6.In the retained implementation, a two-technician job receiving one technician is countedas assigned and is not carried over to fill its missing second slot.Daily decomposition reduces computational complexity but does not guarantee anopti-mal plan across the entiremonth. Each day’s solution is conditional on earlier assignmentsand reservations. A full-horizon model could reconsider these commitments, for exampleby postponing non-urgent work to a less congested day. Carryover provides some flexibil-ity, but does not remove this limitation.Likewise, reservations do not enforce completion of every started job before the endof the 30-day horizon. The model represents assignment starts and coarse capacity com-mitments rather than a complete chronological execution schedule. Comparing this dailyapproach with a full-horizon formulation on smaller instances is identified as future workin Section 6.3.
3.4.5 Route-Display Post-ProcessingAfter CP-SAT selects the daily assignments, a nearest-neighbour heuristic orders visits fortechnicians assigned to multiple jobs. The sequence is stored as a PostGIS LINESTRINGgeometry for display on the interactive map.This post-processing does not change the assignments or replace the base-to-job travelinputs used by the optimiser. The displayed sequence should therefore not be interpretedas an optimised route or as evidence that job-to-job travel has been included in the schedul-ing constraints and objective.
3.5 Risk Scoring and Experimental DesignThe experiments examine how the prototype responds to alternative duration estimatesand changes in operational conditions. A composite risk index provides an additional diag-nostic view of selected assignments. The duration ablation and what-if experiments then
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compare plans generated under controlled changes to the inputs. These comparisons de-scribe planning behaviour within the synthetic scenario, rather than realised executionperformance.
3.5.1 Composite Risk ScoringEach assignment is accompanied by a heuristic composite risk score intended to draw thedispatcher’s attention to potentially vulnerable work. The score combines five normalisedindicators: arrival-delay risk, SLA tightness, spare-parts availability, technician reliability,and capacity stress. The components and weights are shown in Table 3.2.The index is a diagnostic ranking, not a calibrated probability of lateness or a repeatvisit. Although it is displayed on a 0 to 100% scale, a score of 60%, for example, doesnot mean that the job has a 60% probability of failing. It indicates the combined level ofpressure under the specified scoring rules.

Table 3.2: Composite risk score: components and weights.
Component Weight Formula InterpretationArrival delay 0.30 min(r/50, 1); r inpercentage points Travel-matrix delayindicator, normalised to ascore.SLA tightness 0.25 min((t+ p)/s, 1) for s > 0;otherwise 1 Travel t plus predictedservice p relative to SLAhours s; excludes waiting.Parts risk 0.20 1.0 / 0.2 / 0.0 Required but unavailable /required and stocked / notrequired.Tech reliability 0.15 1− f/100 f is first-time-fix rate inpercentage points.Capacity stress 0.10 min(u/100, 1) u is daily utilisation inpercentage points.

Source: own elaboration from the prototype risk-scoring rules.The weights define the heuristic scoring scheme used in the prototype; they are notfitted probabilities. The SLA-tightness component compares travel and service time withthe SLA allowance but excludes waiting caused by carryover. The score therefore comple-ments assignment and capacity indicators rather than measuring complete calendar-timeSLA performance. It is not included in the CP-SAT objective.
3.5.2 Duration Regimes and Ablation DesignThe primary duration comparison uses twooperatingmodes. In staticmode, the optimiserreceives expected_duration_hours. In ML mode, it receives the Random Forest predic-tions. The workforce, candidate jobs, travel matrix, solver settings, constraint formulation,
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and operational levers remain fixed within the comparison. This isolates the duration in-put as the intended experimental difference.However, comparing the raw static estimatewith Random Forest combines two effects:correcting average underestimation and capturing variation between technician–job pair-ings. A calibrated-static comparator is therefore included to examine how much can beachieved by a uniform correction alone.The evaluation uses five duration regimes:1. Raw static estimates: the original expected job durations.2. Calibrated static estimates: the original durations multiplied by a single calibra-tion factor to correct average bias.3. Random Forest point predictions: duration estimates based on job, technician,and operational attributes.4. Random Forest with a 0.5σ buffer: a uniform offset of half the out-of-fold residualstandard deviation.5. RandomForestwith a 1.0σ buffer: a uniform offset of one out-of-fold residual stan-dard deviation.Comparing calibrated-static and Random Forest plans examines whether pair-specificpredictions change scheduling beyond a general increase in duration. The bufferedregimes examine the consequences of more conservative planning. They are sensitivityexperiments, not calibrated guarantees about execution uncertainty.Each regime is evaluated through the plans produced under its own duration inputs.Since the simulation jobs do not contain realised execution outcomes, differences in re-ported cost or SLA indicators cannot be interpreted directly as realised savings or improve-ments. The five-regime results are reported in Section 5.2.
3.5.3 What-If Scenario SimulationThe what-if module examines the response to changes in workforce availability, travel,spare parts, and daily capacity. Each experiment modifies selected inputs, reruns the dailyscheduling process across the planning horizon, and compares the resulting planning indi-cators with the unmodified reference run.

Workforce reduction removes a configurable percentage of technicians from the ac-tive pool. This tests the sensitivity of assignment coverage to a smaller availableworkforce.
Travel disruption multiplies the stored travel times by a configurable factor. Longertravel requirements affect capacity consumption and may change which assignments re-main attractive or feasible.
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Parts supply disruption samples a specified share of jobs and sets parts_in_stockto false for sampled jobs that require parts. The percentage controls sampling, not the finalstockout rate: some sampled jobs require no parts, while others are already out of stock.Parts availability is not a hard scheduling constraint. In staticmode, this change affects therisk score without changing the duration input; in ML mode, it can also affect predictionsthrough the parts feature.
Capacity reduction deducts a fixed number of minutes from the nominal daily shift.However, the effective capacity remains fixed at 600 minutes for overtime-eligible techni-cians when overtime is enabled. The experiment therefore does not reduce every techni-cian’s effective capacity equally.These experiments test the implemented planning rules under specified disruptions.They are not an execution simulation of actual job completion. Single-factor and combinedscenario results are reported in Section 5.3.

3.6 Verification and Evaluation ScopeVerification compares the implemented rules with the retained predictive and schedulingoutputs. The predictive benchmark assesses error on held-out historical assignments. Thescheduling review checks daily solver statuses, assignment counts and the aggregation ofreported Key Performance Indicators (KPIs) against the saved records. It does not consti-tute an operational user trial.Section 5.2 defines the planning indicators; Section 6.2 records the limitations of theexecution model and accounting rules. The original scheduling experiments are retainedthroughout. A separately recorded predictive evaluation is identified in Section 5.1.2.
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Chapter 4

Operational Diagnosis and Planning
Implications

This chapter examines the operational problems revealed by the synthetic field-servicescenario and explains the planning decisions they motivate. It brings together the distri-bution of jobs and technicians, historical duration and lateness patterns, prediction errors,and the initial scheduling results. The purpose is to understand where the main pressuresarise before evaluating alternative planning configurations in Chapter 5.Unless stated otherwise, the diagnostics refer to the initial workforce of 50 technicians.Theworkforce is later expanded to 65 technicians as part of the capacity intervention. Theanalysis moves from regional and daily workload imbalances to duration, travel, and skillconstraints, before connecting these findings to the four-lever response. Throughout thechapter, descriptive indicators are used to identify questions for the scheduling model;they do not independently establish the operational or financial benefit of an intervention.
4.1 Geographic Distribution and Regional Capacity Im-

balancesThe initial workforce consists of 50 technicians distributed across Spain (14), Germany(13), Italy (9), France (9), and the United Kingdom (5). These technicians provide thecapacity available for 1,000 simulation jobs over the 30-day planning horizon. Figure 4.1shows the locations of technician bases and job sites. The main planning question iswhether qualified capacity is available where the demand occurs, rather than whether thetotal workforce appears sufficient at an aggregate level.
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Figure 4.1: Geographic distribution of the dataset: technician bases (triangles) and simulation jobsites (circles) across the five operating countries.
Source: own elaboration from the synthetic technician and simulation-job datasets.A first assessment compares each country’s expected service demandwith the nominalcapacity of its resident technicians. Demand is approximated bymultiplying the number ofjobs by the populationmean expected repair duration, approximately 12.1 hours. Capacityis calculated as the number of resident techniciansmultiplied by 30 days and an eight-hourshift.The resulting demand-to-capacity ratios are reported in Table 4.1. This calculation ex-cludes travel, specific skill requirements, and additional crew members. It is therefore aninitial screening of regional pressure, rather than a measure of feasible scheduling cover-age.Italy has the highest ratio, at 1.49, while Germany has the lowest, at 0.72. Across theentire scenario, expected service demand is approximately 12,090.1 hours, already exceed-
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Table 4.1: Country-level coverage deficit.
Country Technicians Sim. jobs Capacity (h) Demand (h) Demand / CapItaly 9 266 2,160 3,216 1.49Spain 14 287 3,360 3,470 1.03France 9 173 2,160 2,092 0.97UK 5 89 1,200 1,076 0.90Germany 13 185 3,120 2,237 0.72

Source: own elaboration from the synthetic technician and simulation-job datasets.
ing the 12,000 hours of nominal standard-shift capacity before travel and additional crewrequirements are included.These figures suggest that a uniform increase in workforce size would overlook impor-tant regional differences. Additional qualified capacity in Italy, or assignments drawing ontechnicians based elsewhere, are therefore relevant options to test. However, Germany’sapparent surplus does not automatically translate into usable capacity for Italian jobs. Thetechniciansmust have the required skills, and the associated travelmust be included in theassignment calculation.Geographic proximity is examinedmore closely in Table 4.2, which reports the distancefrom each job to its nearest skill-compatible technician base. These are great-circle dis-tances calculated from the coordinates. They are distinct from the stored travel-matrixdistances used in the scheduling experiments.Motor jobs have the largestmean distance to an eligible technician, at 143 km, followedby robotic-arm jobs at 87 km. In every category, the mean exceeds the median, indicatingthat more distant jobs increase the average. This makes the distribution of eligible techni-cians relevant alongside their total number.
Table 4.2: Great-circle distance to the nearest eligible technician, calculated from job and basecoordinates for the original workforce.

Machine category Mean nearest (km) Median (km) Sim. jobs

motor 143 43 128
robotic_arm 87 30 182
plc 78 27 187
pump 62 19 153
sensor_network 43 20 181
conveyor 42 17 169

Source: own elaboration from the synthetic job locations and technician bases.A further illustration considers the effect of adding one standard-shift technician ineach country separately. Each addition contributes 240 nominal hours over the 30-dayhorizon. Table 4.3 shows the resulting demand-to-capacity ratios, keeping the estimatedservice demand unchanged.
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Table 4.3: Illustrative country demand-to-capacity ratios after adding one local technician.
Country Techs (initial) Ratio before +1 Ratio after +1Italy 9 1.49 1.34Spain 14 1.03 0.96France 9 0.97 0.87UK 5 0.90 0.75Germany 13 0.72 0.67

Source: own elaboration from the synthetic country-level demand and workforce counts.
Italy remains above nominal capacity after one addition, with its ratio falling from 1.49to 1.34. Spain’s ratio falls from 1.03 to 0.96. These calculations help identify where localadditions deserve further investigation, but they do not estimate jobs served, travel sav-ings, or a financial return. Those outcomes depend on the skills and assignments of theadded technicians.Demand also varies over time. Expected service demand from newly released jobs ex-ceeds the initial workforce’s 400-hour standard daily capacity on 15 of the 30 days. Thiscomparison again excludes travel and additional crew members. It motivates examiningwhether unassigned work can be carried into later days, while recognising that regional,skill, and multi-day commitments may restrict the capacity available then.

4.2 Duration Bias and Prediction ErrorsThe historical assignments reveal a systematic difference between planned and actual ser-vice duration. Across 3,000 records, actual duration averages 14.12 hours, compared witha static expected duration of 12.30 hours. The average overrun is therefore 1.82 hours, or14.8% of the planned mean. Expressed as prediction error, the static estimate has a meansigned error of−1.82 hours and is approximately 12.9% below the actual mean.The two percentages use different reference values: 14.8% expresses the overrun rel-ative to planned duration, while 12.9% expresses the shortfall relative to actual duration.Figure 4.2 illustrates the difference and shows how it widens with job complexity.This bias matters for capacity planning because a schedule constructed from under-estimated durations can appear to accommodate more work than the duration evidencesupports. Correcting the estimates may consequently reduce planned assignment cover-age, even when the predictions become more accurate.Random Forest brings the mean signed error of the held-out predictions to approx-imately zero, with an out-of-fold MAE of 3.00 hours. Removing average bias does not re-move individual prediction errors. Amodel can be approximately correct on averagewhilestill underestimating some jobs and overestimating others. For this reason, the durationablation includes a calibrated staticmultiplier aswell asRandomForest, allowing the effectof a uniform bias correction to be distinguished from that of pair-specific predictions.38



Figure 4.2: Planned and actual historical durations. Panel (b) reports paired mean gaps by com-plexity; whiskers are 95% bootstrap intervals from the assignments in each subgroup.
Source: own elaboration from the synthetic historical assignments.Subgroup errors provide a more detailed view. Table 4.4 uses the separately saved,job-identified out-of-fold predictions described in Section 5.1.2. The pooled Random For-est MAE in this evaluation is 2.988 hours. Priority-level MAE ranges from 2.96 hours forcritical jobs to 3.02 hours for high-priority jobs, a difference of about 2%. Larger contrastsoccur between machine categories and countries: sensor networks have an MAE of 2.74hours compared with 3.14 hours for robotic arms, while Spain records 2.79 hours com-pared with 3.15 hours for Italy.

Table 4.4: Random Forest out-of-fold MAE by subgroup in the separate job-identified predictiveevaluation.
Subgroup dimension Best subgroup MAE (h) Worst subgroup MAE (h)Priority critical 2.96 high 3.02Machine category sensor_network 2.74 robotic_arm 3.14Country Spain 2.79 Italy 3.15

Source: own elaboration from the saved job-identified out-of-fold predictions.In the same job-identified evaluation, assignments in the highest absolute-error decilehave a historical lateness rate of 36.0%, comparedwith 12.7% in the lowest decile. The cor-relation between absolute residual error and the binary lateness indicator is 0.156. Thisis a descriptive association: it does not show that prediction error caused the recordedlateness.The subgroup results help identify where further examination of features or uncer-tainty estimates may be useful. However, separate country and machine-category sum-39



maries do not establish whether errors are concentrated in combinations such as criticalrobotic-arm jobs in Italy. Assessing those intersections would require enough observa-tions in each joint category. The present evidence therefore motivates targeted investiga-tion rather than an automatic rule for applying subgroup-specific buffers.
4.3 Historical SLA Lateness and Associated FactorsThe historical dataset contains 632 late assignments out of 3,000. These are recorded his-torical labels, distinct from the planning-time SLA proxy used to evaluate generated sched-ules in Chapter 5. The late rate varies considerably by priority: 85.1% for critical jobs,34.3% for high-priority jobs, and approximately 0.2% for normal jobs. These differencesmust be read in the context of the synthetic generator, where priority is closely linked tothe contracted SLA window.Figure 4.3 and Table 4.5 summarise the reasons recorded for late assignments. Miss-ing parts account for 97 cases, travel delays for 83, unexpected complexity for 48, and cus-tomer unavailability for 32. The remaining 372 cases have no specific recorded reason.This unspecified category limits how much of the lateness pattern can be explained fromthe reason labels alone.

Figure 4.3: Recorded causes among the 632 late assignments.
Source: own elaboration from the synthetic historical assignments.
Table 4.5: Cause of lateness cross-tabulated by priority.

Delay reason Critical High Normal TotalMissing parts 43 52 2 97Travel delay 44 39 0 83Unexpected complexity 25 23 0 48Customer unavailable 22 10 0 32No specific cause 226 145 1 372Total 360 269 3 632
Source: own elaboration from the synthetic historical assignments.
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The country and machine-category breakdowns in Tables 4.6 and 4.7 show where therecorded cases are concentrated. Italy and Spain together account for 54 of the 97missing-parts cases and 43 of the 83 travel-delay cases. Robotic-arm jobs have the largest numberof missing-parts cases, at 21, followed by motor and pump jobs with 19 each.These are counts among late assignments, not comparable rates of exposure to eachproblem. A country or machine category with more cases may also contain more jobs. As-sessing relative incidence would require the relevant total number of jobs in each group.
Table 4.6: Cause of lateness cross-tabulated by country.

Delay reason France Germany Italy Spain UK TotalMissing parts 14 15 29 25 14 97Travel delay 12 21 15 28 7 83Unexpected complexity 7 8 9 15 9 48Customer unavailable 9 5 2 14 2 32No specific cause 58 65 92 115 42 372Total 100 114 147 197 74 632
Source: own elaboration from the synthetic historical assignments.

Table 4.7: Cause of lateness cross-tabulated by machine category.
Delay reason Conv. Motor PLC Pump Rob. arm Sensor net. TotalMissing parts 13 19 16 19 21 9 97Travel delay 17 16 18 11 7 14 83Unexpected complexity 7 11 6 13 6 5 48Customer unavailable 6 7 8 3 5 3 32No specific cause 69 56 49 59 75 64 372Total 112 109 97 105 114 95 632

Source: own elaboration from the synthetic historical assignments.To examine several factors jointly, a logistic regression relates the binary historical late-ness label to six operational predictors. Contracted SLA duration is included instead of apriority dummy because priority and SLA duration are linked by construction, and veryfewnormal-priority jobs are recorded as late. The stockout indicator equals one onlywhenparts are both required and unavailable.Table 4.8 reports the estimated odds ratios, confidence intervals, and p-values. Eachodds ratio describes the association with lateness while holding the other included predic-tors constant.Complexity and contracted SLA duration are the predictors associated with lateness atthe reported significance threshold. Each additional complexity point corresponds to esti-mated oddsmultiplied by 2.03, while each additional SLA hour corresponds to amultiplierof 0.80. These are changes in odds, not direct changes in the probability of lateness.Although missing parts and travel delays are the most frequent specified reasons41



Table 4.8: Logistic regression of SLA lateness (was_late) on operational drivers. N = 3,000assignments; McFadden pseudo-R2
= 0.66; likelihood-ratio test p < 0.001.

Predictor Odds ratio 95% CI p-valueComplexity score (per point, 1–9) 2.03 1.82–2.26 < 0.001Contracted SLA window (per hour) 0.80 0.78–0.82 < 0.001Travel time (per hour) 1.06 0.99–1.14 0.121Parts required but unavailable (0/1) 0.79 0.53–1.17 0.240Cross-border assignment (0/1) 1.08 0.75–1.57 0.675Machine age (per year) 0.99 0.96–1.01 0.215Intercept 1.01 0.52–1.98 0.971
Source: own elaboration from the synthetic historical assignments.

among late assignments, the baseline stockout indicator and travel duration do not reachthe 5% significance threshold in the fitted regression. The two analyses answer differentquestions: the reason counts describe recorded explanations among late jobs, while theregression examines conditional associations across all historical assignments. A non-significant coefficient does not establish that the corresponding operational problem isunimportant.For a planner, these findings support closer inspection of complex jobs with tight SLAwindows. They also motivate disruption scenarios involving travel and parts availability.However, the regression describes relationships within the synthetic historical data; itdoes not estimate howmuch lateness would fall following a particular intervention.
4.4 Travel Requirements and Their Planning Implica-

tionsThe baseline travel matrix includes all possible technician–job pairings for the initial50-technician workforce. Across this candidate pool, the mean distance is approximately1,140 km, the mean one-way travel time is 3.2 hours, and the mean direct trip cost isEUR 281. These values describe the available pairings, including distant cross-borderalternatives, rather than the journeys selected in the final schedule.Transport mode is assigned through distance bands in the synthetic generator: flightsare used above 800 km, rail for intermediate distances, and road transport for shorter trips.Figure 4.4 shows the resulting transport-mode and travel-duration distributions.Travel influences the scheduling model through both time consumption and assign-ment cost. A qualified technician may therefore be an unattractive choice if reaching thejob consumes too much capacity or adds substantial expense. This is why geographic cov-erage and skill availability need to be considered together.The average trip cost of EUR 281 cannot be compared directly with the average hourly
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Figure 4.4: Travel mode distribution (left) and travel duration distribution (right).
Source: own elaboration from the synthetic travel matrix.wage of EUR 47 to conclude which cost component dominates. One is a cost per journeyand the other a cost per hour. A meaningful comparison requires applying wage rates tothe relevant travel and service hours and examining the assignments actually selected bythe solver.The distance thresholds are also scenario assumptions. For example, lowering theflight threshold from 800 km to 600 kmwould reclassify some intermediate-distance pair-ings as flights. Evaluating a transport-policy change would require corresponding adjust-ments to the generated travel times and costs. A regional-base alternative would also re-quire revised locations and travel inputs. These are possible extensions of the scenario,rather than policies whose benefits have already been established here.The 15 technicians introduced duringworkforce expansion use slightly different travel-generation parameters from those used for the original workforce. Consequently, compar-isons between the initial and expanded configurations reflect changes in travel inputs aswell as headcount. This distinction is retained when interpreting the four-lever responsein Section 4.6.

4.5 Job Demand and Skill BottlenecksThe 1,000 simulation jobs are divided into normal (62.6%), high (22.3%), and critical(15.1%) priority tiers. Figure 4.5 shows these proportions alongside the distributions ofcomplexity and machine category. Each category is linked to eligible technicians throughthe skill-compatibility rules in Table 3.1.A simple indicator of skill pressure is the number of jobs in amachine category dividedby the number of eligible technicians. For the initial workforce, this gives approximately4.6 jobs per qualified technician for conveyors, 5.2 for sensor networks, and 5.5 for pumps.
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Figure 4.5: Simulation job counts by priority, complexity score and machine category.
Source: own elaboration from the synthetic simulation jobs.
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The ratios are higher for motors (8.5), PLCs (9.8), and robotic arms (12.1).These ratios identify robotic-arm, PLC, and motor qualifications as the most con-strained pools by this measure. They do not account for service duration, additional crewmembers, or the fact that a technician may be eligible for several categories. They shouldtherefore be used to select skill-expansion scenarios for testing, rather than as directestimates of individual workload.For illustration, adding four technicians certified for robotic-arm repairs reduces thatcategory’s ratio from 12.1 to 9.6 jobs per qualified technician. This improves the nominalrelationship between demand and qualified headcount, but does not establish how manyadditional jobs can be assigned. Their location, availability, other qualifications, and theduration of the jobs also matter.The planning implication is that workforce expansion needs to consider the compo-sition of skills, not only the total number of technicians. Because qualifications overlap,adding capacity in one categorymay also change the assignments available elsewhere. Thescheduling model is needed to evaluate those effects across the full job pool.
4.6 Capacity Bottlenecks and the Four-Lever ResponseThe initial scheduling run provides a direct indication of the capacity problem: under thesingle-shift configuration, only 198 of the 1,000 jobs receive an assignment. The diagnosticin Figure 3.3 helps explain this result. For 762 jobs, expected service duration plus theminimum eligible stored travel time exceeds the 480-minute limit.This restriction excludesmost of the long repairs before competition for shared techni-cian capacity is fully considered. It also explains why simply searching harder within thesame daily formulation would not resolve the problem. Jobs that cannot fit within the per-mitted shift need a different representation of their capacity requirements or a change inavailable capacity.The response combines four changes: adding 15 technicians, enabling a 600-minutedaily cap for overtime-eligible staff, reserving technicians acrossmultiple dayswith rollingcarryover of unassigned jobs, and applying priority-weighted penalties to unfilled crewslots. Table 4.9 summarises the implementation.The four changes address different aspects of the diagnosis. Additional techniciansexpand the availableworkforce, while overtime increases the daily capacity of eligible staff.Multi-day reservations allow long jobs to enter the plan, and carryover allows unassignedwork to be reconsidered later. Priority penalties influencewhich staffing gaps the objectiveseeks to avoid; they do not create additional capacity.With the combined configuration, assignment coverage rises from 198 jobs to 904 un-der static duration inputs and 851 under Random Forest predictions. As defined in Sec-tion 5.2, coverage counts jobs receiving at least one technician, including partially staffed
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Table 4.9: Four-lever configuration used in the saved planning experiments.
Lever Implemented change Modelling scope and

considerationsWorkforce Add 15 technicians across the skillpools and operating countries. Expands eligible capacity; the addedtechnicians also use updatedtravel-generation parameters.Overtime Set daily capacity to 600 minutes forovertime-eligible technicians. Extends daily shift limits; uses afixed 600-minute cap that interactswith capacity-reduction scenarios.Multi-day logic Truncate first-day capacity use,block subsequent whole days, andretry unassigned jobs up to the30-day horizon limit.
Enables multi-shift repairs viaexternal whole-day reservations;partially staffed two-person jobs arenot retried.Priority penalty Penalise each unfilled crew slotusing priority weights of 3, 2, and 1. Prioritises critical and high-urgencycoverage as a soft objective incentiverather than a hard constraint.

Source: own elaboration from the prototype scheduling rules.
two-technician jobs. These figures should therefore not be interpreted as counts of fullystaffed and completed interventions.The comparison demonstrates the effect of the combined configuration in this scenario.It does not identify the contribution of each lever separately, because all four are intro-duced together and the expanded workforce also uses updated travel parameters. Isolat-ing their individual effects would require additional controlled experiments varying theinterventions separately and in combination.For decision support, the value of this exercise is the connection between a diagnosedrestriction and a testable response. The initial result points to a capacity and modellingproblem, while the revised configuration shows how changes to resources and planningrules alter assignment coverage. The detailed comparisons of cost, travel, coverage, andother planning indicators follow in Chapter 5.
4.7 From Diagnosis to Planning DecisionsThe findings in this chapter provide a basis for selecting planning experiments. Regionalimbalances suggest where additional qualified capacity should be considered. Durationbias motivates alternative estimates, while travel and skill diagnostics help explain whynominal capacity may not translate into feasible assignments. Historical lateness patternsidentify further pressures to examine through disruption scenarios.Table 4.10 connects each diagnostic finding with the evidence supporting it and theplanning question it motivates. The purpose is to make the link between analysis and ex-perimentation explicit.For a field-service provider, this diagnostic process can help structure decisions about
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Table 4.10: Diagnostic findings and the planning questions they motivate.
Diagnostic finding Analytical evidence and scope Decision-support questionUneven residentcapacity Country demand-to-capacityratios highlight regionalimbalances prior to accountingfor skills, travel, and crewmultipliers.

Where should additionalqualified capacity orcross-border allocation betested?Daily demand peaks Baseline service demand exceedsstandard-shift capacity on 15days of the horizon. Can subsequent spare capacityabsorb deferred work throughrolling carryover?Systematic durationbias Historical actual durationsexceed static expected durationsby 1.82 hours (14.8%) onaverage.
How do calibrated static andlearned ML duration inputsreshape the generated plan?Subgroup errorvariation Out-of-fold Random Forest MAEvaries across individual machinecategories and operatingcountries.
Which operational segmentsmerit targeted featurerefinement or conditionalbuffers?Recorded delay causes Historical lateness labels captureex-post delay attributionsalongside multivariatecomplexity and SLA effects.
Which disruption assumptions(parts, travel, capacity) should bestress-tested?Skill bottlenecks Robotic-arm repairs exhibit thehighest baseline ratio of jobs perqualified technician (12.1). How does expanding certifiedskill pools affect overallassignment coverage?

Source: own elaboration from the diagnostic findings and prototype design.
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staffing, skills, duration estimates, and working capacity. The prototype makes it possibleto explore selected alternatives before drawing conclusions from aggregate ratios alone.However, the matrix also includes questions for further investigation, such as conditionalprediction buffers and isolated skill additions, whose benefits are not established by thecurrent experiments.The following chapter evaluates two main sets of comparisons. The duration ablationcompares raw static, calibrated static, Random Forest, and buffered estimates. The dis-ruption experiments vary workforce availability, travel times, parts availability, and shiftcapacity. Together, they examine how the identified planning pressures affect assignmentcoverage and the other reported indicators within the synthetic scenario.
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Chapter 5

Results and Discussion

This chapter evaluates the predictive and scheduling components of the prototype. Thepredictive evaluation uses the 3,000 historical assignments to compare duration estimatesagainst recorded outcomes. The scheduling evaluation uses the 1,000 simulation jobs toexamine how alternative duration inputs and operational disruptions affect the generatedplans.The analysis begins with the duration-model benchmark and the separate calibrated-static comparison. It then examines assignment coverage, staffing completeness, cost,travel, and the other planning indicators under five duration regimes. Finally, the disrup-tion experiments test the response to changes in workforce availability, travel, parts, anddaily capacity. The discussion connects these findings to the research questions and theirpractical interpretation.
5.1 Duration-Prediction ResultsThe predictive results address whether historical job and technician information im-proves duration estimation relative to the original static planning values. They alsoexamine whether the implemented Random Forest offers an advantage over simpleralternatives.
5.1.1 Model Comparison and Prediction ErrorsThe original benchmark compares the static baseline, linear regression, Random Forest,and gradient boosting using shuffled 5-fold cross-validation across 3,000 historical assign-ments. Table 5.1 reports mean fold-level RMSE, MAE, andR2, together with bias and resid-ual standard deviation calculated from pooled out-of-fold predictions.RandomForest improves on the raw static baseline, increasingmean fold-levelR2 from0.694 to 0.748 and reducing RMSE from4.823 to 4.377 hours andMAE from3.154 to 2.998hours. Itsmean signed error is close to zero, comparedwith the static baseline’s systematicunderestimation of 1.820 hours. 49



Table 5.1: Predictive benchmark: 5-fold cross-validated error for four duration estimators (N =

3,000). Bias is the mean signed residual (predicted− actual).
Estimator RMSE (h) MAE (h) R2 Bias (h) Resid. SD (h)Static baseline 4.823 3.154 0.694 −1.820 4.468Linear regression 4.278 2.932 0.759 −0.002 4.279Random forest 4.377 2.998 0.748 +0.004 4.378Gradient boosting 4.450 3.016 0.739 +0.010 4.451

Source: own elaboration from the saved predictive benchmark.
However, Random Forest does not produce the strongest aggregate point scores. Lin-ear regression, supplied with the same engineered interaction features, achieves an R2of 0.759, an RMSE of 4.278 hours, and an MAE of 2.932 hours. All three learned modelslargely remove the downward bias of the original planning estimate. The evidence there-fore supports correcting the static estimate, but does not establish that a tree ensemble isnecessary to obtain that improvement.

Table 5.2: Variability of predictive performance: fold-level R2 (mean ± standard deviation overfive folds) and bootstrap 95% confidence intervals (200 resamples of the out-of-fold predictions).
Estimator Fold R2 (mean± SD) R2 95% CIStatic baseline 0.694± 0.016 [0.679, 0.710]Linear regression 0.759± 0.016 [0.745, 0.774]Random forest 0.748± 0.016 [0.730, 0.763]Gradient boosting 0.739± 0.018 [0.720, 0.756]
Source: own elaboration from the saved fold-level benchmark results.Table 5.2 reports variability across folds and confidence intervals obtained from 200bootstrap resamples of the fixedout-of-foldpredictions. These intervals describe samplingvariation in the retained predictions. They do not include the variability that would arisefrom repeatedly generating new populations and refitting the models, and they are not aformal paired test of model equivalence.The residual distributions in Figure 5.1 illustrate the distinction between average biasand individual error. Static residuals are centred around −1.82 hours, while Random For-est residuals have amean of+0.004hours and a standard deviation of 4.378 hours. Despiteits near-zero average bias, Random Forest still has an MAE of 2.998 hours against a meanactual duration of 14.12 hours. Individual interventions therefore remain difficult to pre-dict precisely.The fitted ensemble assigns 86.7% of its total impurity-based feature importance to

expected_duration_hours. This indicates that the original planning estimate remainsthe main reference for prediction, with the other features supplying contextual adjust-ments. Feature importance describes the fitted trees and can be influenced by correlatedinputs; it does not measure causal effects. 50



Figure 5.1: Out-of-fold residual distributions (predicted− actual duration). The static baseline iscentred at −1.82 hours, evidencing systematic underestimation; the Random Forest is centred atzero.
Source: own elaboration from the saved out-of-fold duration predictions.This reliance on the static estimate motivates a simpler question: how much improve-ment could be obtained by correcting that estimatewith a singlemultiplier? The followingcomparison addresses this directly.

5.1.2 Comparison with Calibrated Static EstimatesA separate retained evaluation compares Random Forest with a calibrated static estimatoron the same 3,000 historical assignments. It uses five shuffled folds with seed 42, afterfixing the input order by job identifier and then technician identifier. Within each train-ing fold, the calibration factor is calculated as the ratio of mean actual duration to meanexpected duration. The factor is then applied to the held-out records.Predictions are savedwith their job, technician, and fold identifiers. This allows the twoestimators to be compared on the same held-out assignments and supports the subgroupanalysis in Table 4.4. No scheduling outputs from the associated later software version areused in the scheduling comparisons below.In this evaluation, calibrated static estimates achieve a pooled RMSE of 4.337 hours, anMAE of 3.002 hours, and anR2 of 0.753. Random Forest achieves a pooled RMSE of 4.365hours, an MAE of 2.988 hours, and an R2 of 0.750. The calibrated estimator has slightlybetter RMSE andR2, while Random Forest has slightly better MAE.These values must remain distinct from those in the original benchmark. Changing theinput order changes membership of the shuffled folds, even when the random seed is un-changed. In the original run, the pooled RandomForest scores are an RMSE of 4.378 hours,anMAE of 2.998 hours, and anR2 of 0.748. The separate job-identified evaluation is there-51



fore not simply another presentation of the same predictions. The scheduling experimentsretain the original fitted predictor and configuration.For RQ1, the conclusion is that Random Forest improves on the raw planning estimate,particularly by removing systematic underestimation. However, a calibrated multiplierachieves similar aggregate accuracy in the separate evaluation, and linear regression hasthe strongest point scores in the original benchmark. The results do not establish RandomForest as the best estimator for this synthetic dataset.
5.2 Scheduling Results under Alternative Duration Esti-

matesThe scheduling experiments examine what changes when alternative duration estimatesare passed to the same planning formulation. The workforce, travel matrix, operationallevers, solver settings, and candidate jobs are held fixed within the ablation. The reporteddifferences therefore describe the plans generated under each duration regime.
5.2.1 Interpretation of Planning IndicatorsThe indicators require careful definition because the prototype represents daily assign-ments and coarse reservations rather than complete chronological execution.• Jobs with an assignment: the number of unique simulation jobs receiving at leastone technician during the 30-day horizon. Partially staffed two-technician jobs areincluded, so this measures assignment coverage rather than verified full-crew com-pletion.• Unassigned jobs: jobs receiving no technician assignment during the horizon. Jobswith an incomplete crew are not included in this count.• SLA proxy: the number of assignment rows for which one-way base-to-job travelplus the service-duration input exceeds the contracted SLA window, expressed as apercentage of the 1,000 simulation jobs. It excludes accumulated carryover waiting,shift boundaries, and joint-crew arrival times. It is therefore a duration-exceedanceindicator, not a calendar-based lateness rate.• Utilisation proxy: the mean capped workload ratio over technician-days on whichassignments start. Full travel and service minutes are divided by standard orscenario-reduced daily minutes and capped at 100%. The denominator is not theeffective overtime cap. Inactive days and subsequent reserved days of multi-dayjobs are excluded.
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• Crew fulfilment: the proportion of two-technician jobs receiving at least two assign-ment rows. This measures staffing completeness without establishing synchronisedarrival or execution.• Cost and risk: reported cost sums post-processed technician-day route costs. Meanrisk is the unweighted mean of route-level scores, with each route score averagingits assignment scores. It is not an assignment-weighted mean or an estimated prob-ability.These definitions are used consistently in the comparisons below. In particular, cost,SLA, and utilisation indicators need to be interpreted alongside assignment coverage andcrew fulfilment.
5.2.2 Static and ML-Based SchedulingFigure 5.2 compares selected indicators from the saved static, calibrated-static, and Ran-dom Forest plans. Table 5.3 presents the detailed comparison between the raw static base-line and ML mode.

Figure 5.2: Selected KPIs from the saved 30-day static, calibrated-static and Random Forest plans.Each bar represents one retained deterministic run; no sampling interval is implied.
Source: own elaboration from the saved 30-day scheduling outputs.
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Table 5.3: Baseline-vs-ML ablation: KPI comparison across the 30-day horizon.
KPI Baseline MLmode Delta (ML− Baseline)Jobs with an assignment 904 (90.4%) 851 (85.1%) −53 (−5.3 pp)Total cost EUR 942,745 EUR 960,477 +EUR 17,732Travel time 2,100 h 32 m 1,968 h 58 m −131 h 34 mSLA proxy count 274 (27.4%) 303 (30.3%) +29 (+2.9 pp)Utilisation proxy 96.8% 97.6% +0.8 ppMean risk index 0.4365 0.4499 +0.0134Two-technician fulfilment 48.7% 42.5% −6.2 ppCritical with assignment 100% 100% 0 ppHigh with assignment 100% 100% 0 pp

Source: own elaboration from the saved static and Random Forest scheduling outputs.
The static baseline produces 1,015 assignment rows covering 904 unique jobs. MLmode produces 948 assignment rows covering 851 jobs, a reduction of 53 jobs or 5.3 per-centage points. Within the baseline’s 904-job coverage count, 35 two-technician jobs re-ceive only one technician. Overall two-technician fulfilment falls from 48.7% under staticinputs to 42.5% under Random Forest inputs.These results show why prediction accuracy and assignment coverage need separateinterpretation. The raw static estimates systematically understate historical service dura-tion. Correcting that bias increases the capacity required by the modelled workload andcan reduce the number of assignments accommodated within the same workforce config-uration. Higher coverage under the raw baseline is therefore not sufficient evidence of abetter executable schedule.Both regimes assign at least one technician to every critical and high-priority job. Thereduction in unique-job coverage consequently falls on normal-priority demand. However,the crew-fulfilment results show that initial coverage of urgent work does not establishcomplete staffing of every urgent two-technician job.ML mode reduces total travel by 131 hours 34 minutes, approximately 6.3%, while in-creasing reported cost by EUR 17,732. The higher reported cost, despite fewer assignmentrows, is consistent with the accounting of selected technician-day routes using estimatedservice and travel hours and overtime rates where applicable. The mean reported costper assignment row rises from about EUR 929 in the static plan to about EUR 1,013 in theRandom Forest plan. The lower static total should be read alongside its shorter durationinputs, which the historical data show to be biased low. The travel reduction accompaniesfewer assignment rows. Mean travel per assignment is approximately 2.069 hours in thestatic plan and 2.077 hours in the Random Forest plan, so lower aggregate travel does notdemonstrate shorter average journeys.Reported cost also depends on the selected assignments, estimated service hours, andpost-solver accounting rules. Similarly, the SLA-proxy increase from 274 to 303 is calcu-
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lated using different duration inputs in the two plans. It cannot be interpreted as an ob-served increase in realised lateness.
5.2.3 Calibrated Estimates and Safety BuffersThe extended ablation (Table 5.4) compares five duration regimes: raw static estimates,calibrated static estimates, Random Forest point predictions, and Random Forest predic-tions with two global safety buffers. The planning calibration factor is 1.148, and the resid-ual standard deviation used for buffering is σ = 4.38 hours.These planning parameters are derived from historical data. The simulation jobs con-tain no realised duration targets. This differs from predictive validation, where the calibra-tion factor is fitted within each training fold before evaluating held-out records.
Table5.4: Duration-estimate ablation over the 30-day horizon, optimiser and four levers held fixed.Jobs with assignment = 1,000− unassigned. σ = 4.38 h is the out-of-fold residual standard devia-tion.
Duration regime Jobs with assignment Cost (EUR) SLA proxy Util. (%)Static (raw) 904 942,745 274 (27.4%) 96.8Calibrated static (×1.148) 851 968,392 307 (30.7%) 97.6Random forest (mean) 851 960,477 303 (30.3%) 97.6Random forest (+0.5σ) 775 983,817 338 (33.8%) 99.5Random forest (+σ) 700 1,012,707 368 (36.8%) 100.0

Source: own elaboration from the saved duration-estimate ablation.Calibrated static estimates and unbuffered Random Forest predictions both producecoverageof 851 jobs andautilisationproxy rounding to97.6%. This similarity is consistentwith an important role for correcting average duration, although equal coverage does notmean that the selected jobs and technician assignments are identical.Among these two plans, Random Forest produces lower reported cost, EUR 960,477compared with EUR 968,392, and fewer SLA-proxy exceedances, 303 compared with 307.It also requires less aggregate travel, 1,968 h 58 m compared with 2,007 h 31 m. Thesedifferences describe the plans under their respective duration assumptions. They do notindependently establish better performance under common realised execution times.Adding 0.5σ and 1.0σ buffers reduces coverage to 775 and 700 jobs. The utilisationproxy rises to 99.5% and 100.0%, respectively. Longer planning allowances leave lesscapacity for additional assignments and increase the number of duration-based SLA ex-ceedances.The buffered regimes therefore demonstrate the planning cost of applying a uniformsafety margin. They do not establish whether the resulting plans would be more reliableduring execution. That assessment would require realised durations or a common exe-cution simulator. The results motivate investigating calibrated, job-specific uncertaintyestimates rather than assuming that every job needs the same additional allowance.55



5.2.4 Solver Performance and Computational TimeTable 5.5 reports the computational profile of the 30 daily CP-SAT subproblems in staticand ML modes. Both regimes achieve proven optimality with a 0.00% gap on all 30 days.These certificates apply to each day’s encoded problem, conditional on the reservationsand decisions already made.
Table 5.5: Solver computational profile over the 30 daily CP-SAT subproblems, both durationmodes (65 technicians, 30-day horizon).
Metric Baseline MLmodeDays proven optimal 30 / 30 30 / 30Feasible-only / failed 0 / 0 0 / 0Maximum optimality gap 0.00% 0.00%Total solve time (s) 1.19 1.73Solve time per day, min/mean/max (s) 0.017 / 0.040 / 0.070 0.014 / 0.058 / 0.119Variables per day, min/mean/max 1,344 / 3,004 / 4,826 1,075 / 3,736 / 6,688Constraints per day, min/mean/max 791 / 1,835 / 2,985 640 / 2,239 / 3,939

Source: own elaboration from the saved daily solver statistics.The variable and constraint counts describe the scale of the daily models. They arecalculated by the implementation from the technician, job, and eligibility structure; theyare not presolve statistics extracted from CP-SAT.Total solver time is 1.19 seconds for the static baseline and 1.73 seconds for ML mode.Recorded end-to-end application time is 2.19 seconds and 271.19 seconds, respectively.The latter includes feature construction, repeated candidate-pair prediction calls, modelconstruction, and post-processing. Since no component-level timing breakdown wasrecorded, the additional time cannot be attributed quantitatively to prediction alone.These results show that the retained daily assignment problems are solved quickly.They do not establish full-month optimality, because the daily decomposition does not re-consider earlier commitments jointly. They also showwhy solver runtime and user-facingapplication runtime need to be reported separately.
5.3 Response to Operational DisruptionsThe disruption experiments examine how assignment coverage and other planning indi-cators respond to changes in operational inputs. The comparisons in this section use thestatic-mode baseline, which has 96 unassigned jobs and a reported cost of EUR 942,745.Individual changes are examined first, followed by combined disruptions.
5.3.1 Single-Factor SensitivityFigure 5.3 and Table 5.6 report one-factor-at-a-time changes in workforce availability,travel time, and nominal shift duration. Other settings remain at the reference configura-56



tion within each comparison.

Figure 5.3: Single-factor sensitivity of unassigned jobs over the 30-day horizon. Archived static-mode sensitivity outputs. Interpretation of capacity cuts is limited by the fixed overtime cap.
Source: own elaboration from the archived sensitivity-analysis outputs.

Table 5.6: Single-factor sensitivity: unassigned jobs as each operational lever is varied about thebase configuration (30-day horizon).
Workforce cut Unassign. Travel mult. Unassign. Shift cut Unassign.0% 96 1.00× 96 −0min 9610% 159 1.25× 114 −30min 10920% 239 1.50× 134 −60min 11130% 316 1.75× 143 −90min 12040% 427 2.00× 161 −120min 12950% 541 2.50× 191 −180min 142

Source: own elaboration from the archived sensitivity-analysis outputs.Within the tested ranges, workforce reductions produce the largest deterioration incoverage. Removing 10% of technicians increases unassigned jobs from 96 to 159, whileremoving 50% increases them to 541. This response is consistent with the limited sparecapacity and specialised skill pools identified in the operational diagnosis.Longer travel times also reduce coverage. Doubling the travel-time inputs raises unas-signed work from 96 to 161 jobs. In the model, these longer journeys consume capacitythat would otherwise be available for service work and can affect multi-day reservations.Nominal shift cuts produce a smaller response, with a 180-minute reduction increas-ing unassigned jobs from 96 to 142. This result depends on the implemented overtimerule: eligible technicians retain a fixed 600-minute effective capacity when overtime is en-abled. The experiment therefore does not represent an equal reduction in working capac-
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ity across the entire workforce.Parts disruptions behave differently in static mode. Changing parts availability affectsthe post-solver risk score, but does not change the static duration input or act as a hardassignment restriction. Static assignment counts consequently remain unchanged. Thisoutcome reflects themodel’s treatment of parts, rather than evidence that stockoutswouldhave no operational effect.
5.3.2 Combined Disruption ScenariosThe detailed compound scenario combines a 20%workforce reduction, a 1.6× travel-timemultiplier, a 10% parts-disruption sampling parameter, and a 90-minute nominal daily ca-pacity cut. Table 5.7 compares its planning indicators with the undisrupted static baseline.
Table 5.7: Compound stress scenario: baseline-vs-scenario KPI comparison. Risk values repro-duce the rounded dashboard display; the saved baseline value is 0.4365. Travel deltas here arecalculated from the displayed hour-and-minute totals.

KPI Baseline Scenario DeltaTotal cost EUR 942,745 EUR 745,169 −EUR 197,576Travel time 2,100 h 32 m 1,727 h 50 m −372 h 42 mSLA proxy count 274 (27.4%) 276 (27.6%) +2 (+0.2 pp)Unassigned jobs 96 260 +164Utilisation proxy 96.8% 98.5% +1.7 ppMean risk index (displayed) 0.436 0.456 +0.020Two-technician fulfilment 48.7% 38.6% −10.1 pp
Source: own elaboration from the compound-scenario results reported in this chapter.Unassigned jobs increase from 96 to 260, while two-technician fulfilment falls from48.7% to 38.6%. Reported cost decreases by EUR 197,576 and total travel falls by 372hours 42 minutes. These reductions accompany a substantial decline in assigned workand should not be read as efficiency gains.The SLA proxy increases by only two cases despite the deterioration in coverage. Thisillustrates a limitation of the indicator: jobs receiving no assignment do not contribute anassignment-row duration exceedance. Their accumulated waiting is also not representedin the proxy. The unassigned-job count and crew-fulfilment measure are therefore essen-tial for interpreting the scenario.Five named stress tests provide further examples of combined operating conditions,as shown in Table 5.8. Parts percentages specify the share of jobs sampled for possiblestockout, not the final proportion of jobs lacking required parts.Staffing Crisis and Perfect Storm produce the largest increases in unassigned workamong these named scenarios, at 220 and190 additional jobs. Their lower reported expen-diture again accompanies fewer assignments. Winter Storm increases unassignedwork by44 jobs under combined travel and nominal shift changes. Regulatory Shift Cut adds 33
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Table 5.8: Multi-factor stress tests over the 30-day horizon. Each delta is the change relative to theundisrupted baseline. Parts percentages denote the share of jobs sampled for possible stockout,not the final stockout rate.
Scenario Composition ∆ Unassign. ∆ SLA ∆ Cost (EUR)Winter Storm 1.5× travel, 25% partsdisruption,−30minshifts +44 +13 +886Staffing Crisis 30% workforce cut, 20%parts disruption +220 +3 −259,065Supply Chain Failure 50% parts disruption 0 0 0Regulatory Shift Cut −120 min daily shift ca-pacity +33 −1 −4,931Perfect Storm 20% workforce cut, 1.4×travel, 30% parts disrup-tion,−30min +190 +19 −191,754

Source: own elaboration from the archived stress-test outputs.
unassigned jobs, with its effect moderated by the fixed overtime capacity. Because eachscenario is reoptimised through sequential daily windows, assignment counts need not bemonotonic in the nominal travel and shift changes, even when the same fixed-seed 20%workforce sample is removed.Supply Chain Failure leaves the static assignment plan and the listed cost and SLA indi-cators unchanged because parts availability does not restrict static scheduling feasibility.Its effect is visible through the risk-scoringmechanism rather than through the assignmentcounts in this table.For RQ4, these experiments show how the prototype exposes sensitivity to specifiedoperational changes. They also demonstrate that scenario interpretation requires an un-derstanding of the implemented rules: an unchanged indicator may reflect a missing de-pendency in the model rather than resilience in a real service operation.
5.4 Discussion and Planning ImplicationsThe results connect duration prediction, capacity diagnosis, and decision support, but theydo not point to a simple conclusion that adding Machine Learning always improves everyscheduling indicator.First, much of the predictive improvement comes from correcting systematic durationbias. Random Forest improves on the raw static estimate, but linear regression and cali-brated static estimates remain competitive. For the scenario studied here, the value of re-vising the original planning assumptions is clearer than the value of increasingmodel com-plexity. This supports evaluating simple comparators before attributing improvements toa particular algorithm.Second, improved duration estimates can reveal a less favourable capacity position.
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Raw static inputs produce 904 covered jobs, while calibrated static and Random Forestinputs produce 851. This reduction is consistent with longer duration allowances consum-ing more of the available capacity. A dispatcher using these results would need to distin-guish a plan that appears to cover more work from one whose duration assumptions arebetter supported by the historical data.The present experiments cannot determine which plan would complete more jobs inpractice, because the simulation jobs have no common realised execution outcomes. Theyestablish sensitivity of the generated plans to duration assumptions. A stronger compar-ison would execute the competing plans against the same job–technician outcomes andmeasure completion, waiting, incurred cost, and lateness.Third, aggregate cost and travel must be read alongside the amount of work assigned.The disruption scenarios show that reported expenditure can fall while unassigned de-mand rises sharply. Similarly, lower aggregate travel in ML mode does not imply shorteraverage journeys. Comparing these totals without coverage and crew completeness couldtherefore produce a misleading managerial interpretation.A duration correction should also not be appliedmechanically to total cost. Multiplyingbaseline expenditure by 14.8% would adjust travel fares as well as labour, while ignoringchanges in the selected assignments. The ablation instead reruns the scheduling modelunder each duration regime. Its cost outputs remain subject to the accounting conventionsof the prototype.Fourth, the capacity experiments show that the scheduling representation itself is con-sequential. Multi-day reservations allow long repairs to enter the plan, but partial crews,whole-day blocking, and fixed overtime caps shape the resulting indicators. Daily optimal-ity certificates confirm the solution quality of the encoded subproblems; they do not vali-date these modelling assumptions or establish full-horizon optimality.Thedecision-support contribution is therefore the ability to inspect these relationshipstogether. The prototype links duration estimates to assignments, exposes unallocated de-mand, and allows selected operating assumptions to be varied. It helps formulate and com-pare planning alternatives within a controlled scenario. Moving from those comparisonsto operational recommendations requires the additional validation and implementationwork discussed in the next chapter.
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Chapter 6

Conclusions, Limitations and Future
Work

This thesis developed and evaluated a decision-support prototype for field technicianscheduling in a synthetic European industrial service setting. The system combines du-ration prediction, daily CP-SAT assignment, multi-day reservations, heuristic risk scoring,and an interactive interface for inspecting plans and scenarios. This chapter summarisesthe answers to the research questions, identifies the boundaries of the evidence, and setsout priorities for further development.
6.1 Conclusions by Research Question
RQ1: Duration prediction. RandomForest improves on the raw static estimate in the his-torical benchmark, increasing mean fold-levelR2 from 0.694 to 0.748 and reducing RMSEfrom 4.823 to 4.377 hours and MAE from 3.154 to 2.998 hours. Its mean signed error isapproximately zero, compared with the static baseline’s −1.820-hour bias. However, lin-ear regression achieves slightly better aggregate point scores, with R2 = 0.759 and MAEof 2.932 hours. In the separate calibrated-static evaluation, a single multiplier achieves apooled R2 of 0.753 compared with 0.750 for Random Forest. The evidence therefore sup-ports correcting duration bias, while providing no clear basis for claiming that RandomForest is the best available estimator in this synthetic setting.

RQ2: Scheduling outcomes. Alternative duration inputs change the assignments pro-duced by the same schedulingmodel. Coverage falls from 904 jobs under raw static inputsto 851 under both calibrated static and Random Forest inputs. The static and Random For-est regimes retain at least one assignment for all critical and high-priority jobs, althoughcomplete two-technician staffing is not guaranteed. Between the two 851-job plans, Ran-dom Forest has lower reported cost, EUR 960,477 comparedwith EUR 968,392, and loweraggregate travel, 1,968 h 58 m compared with 2,007 h 31 m. Adding 0.5σ and 1.0σ safetybuffers reduces coverage further to 775 and 700 jobs. These results establish planning
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sensitivity to duration assumptions, rather than realised savings or completion improve-ments.
RQ3: Capacitydiagnosis. Thediagnostics identify the single-shift restriction, regionalworkload imbalance, and specialised skill availability as important constraints in the sce-nario. Italy has the greatest regional service-hour pressure, while robotic-arm and PLCqualifications have particularly high demand relative to eligible headcount. The combinedintervention of 15 additional technicians, selective overtime, multi-day reservations withcarryover, and priority-weighted shortfall penalties raises static-mode assignment cover-age from 198 to 904 jobs. Because these changes were introduced together, alongsideupdated travel parameters for the additional technicians, the comparison evaluates thecombined configuration rather than the isolated effect of each intervention.
RQ4: Scenario response. Within the tested ranges, workforce reductions cause thelargest losses in assignment coverage, while longer travel times also increase unassignedwork. The experiments reveal the influence of specific implementation rules: parts disrup-tions change the risk score without changing static assignment counts, and nominal shiftcuts are partly cushioned by the fixed 600-minute capacity of overtime-eligible technicians.Scenario analysis therefore provides information both about capacity pressure and abouthow the model represents operational dependencies.Taken together, the findings show how duration estimation and constrained assign-ment can be combined in an inspectable planning prototype. Its contribution is the imple-mentation and evaluation of this relationshipwithin a defined scenario, including the diag-nosis of capacity restrictions and the comparison of alternative assumptions. The resultssupport further development and testing rather than immediate deployment as a validatedoperational scheduling system.

6.2 LimitationsThe findings depend on the synthetic data, the scheduling representation, and the imple-mentation used for the retained experiments. The following limitations define how far theresults can be interpreted.
6.2.1 Data and Predictive ValidationThe 3,000 historical assignments and 1,000 simulation jobs are separate datasets, but bothoriginate from the same synthetic generator. Learned relationships may therefore reflectthe generation rules rather than patterns that would persist in enterprise records. Theexperiments do not demonstrate cost savings or service improvements in an operatingcompany.The shuffled cross-validation design allows the same technicians to appear in train-ing and validation folds. It evaluates held-out assignments within the synthetic historical
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population, rather than generalisation to entirely new technicians or later operating con-ditions. Keeping simulation jobs outside model training does not remove this limitation.The simulation jobs also have no realised execution-duration targets. Consequently,competing schedules cannot be scored against common future outcomes. Predictive fit andplanning indicators are evaluated separately, and improved historical accuracy cannot beassumed to imply improved realised scheduling performance.The model provides point estimates, while the buffered regimes apply uniformresidual-based offsets. These are not calibrated job-specific prediction intervals. Impurity-based feature importance similarly describes how the ensemble uses its inputs ratherthan identifying causal effects or the impact of a feature on scheduling decisions.Subgroup MAE comparisons and historical lateness summaries are descriptive. Jointsubgroup effects, such as the combination of priority, machine category, and country,would require dedicated analysis with sufficient observations. The bootstrap intervals inTable 5.2 use fixed out-of-fold predictions and do not include model-refitting variabilityacross new populations. Formal paired comparisons would be needed to establish modeldifferences or equivalence more rigorously.
6.2.2 Scheduling Representation and Planning IndicatorsTravel is represented as an independent one-way base-to-job leg for each assignment.Return journeys and travel between successive jobs are excluded from the optimisationmodel. The displayed visit sequences do not change this representation.The horizon is solved through sequential daily subproblems. Optimality on all 30 daysapplies only to those subproblems, conditional on earlier commitments. It does not estab-lish that the resulting monthly plan is globally optimal.Multi-day jobs consume capped capacity on their start day and reserve subsequentwhole days outside the solver. This does not represent precise execution times, unusedcapacity on a final partial day, or guaranteed completion before the end of the planninghorizon.Two-technician jobs can receive only one technician and still count as covered. Theyare not re-queued to fill the missing crew slot, and synchronised arrival is not enforced.Assignment coverage therefore differs from complete staffing and completed service.The SLAproxy evaluates individual travel-plus-servicedurationswithout accumulatingwaiting from carryover or reconstructing completion times. The utilisation proxy includesassignment-start days and caps workload ratios, while excluding inactive days and laterreserved days. These measures describe particular aspects of the generated plans ratherthan complete operational lateness or workforce utilisation.The geographic and skill diagnostics also simplify the assignment problem. Countrycapacity ratios, nearest-base distances, and jobs-per-qualified-technician ratios do notjointly account for travel, overlapping qualifications, and crew requirements. They identify63



planning pressures but do not establish feasible allocations or financial returns.
6.2.3 Scenario Comparisons and Cost AccountingThe four capacity interventions are introduced jointly in the retained experiments. Theirseparate contributions and interactions are not isolated. In addition, the 15 added techni-cians use different travel-generation parameters from the initial workforce, so the compar-ison includes changes in travel inputs as well as headcount.Coordinate-based geographic diagnostics and the stored travelmatrix use different dis-tance representations. The map-based findings therefore cannot be treated as a direct re-construction of the travel inputs used by the scheduling model.Scenario behaviour also depends on implementation choices. Overtime-eligible tech-nicians retain a fixed 600-minute capacity when overtime is enabled, even when nominalshifts are reduced. Parts stockouts do not prevent assignments; they affect the risk scorein static mode and may also affect duration predictions in ML mode. The parts-disruptionpercentage controls sampling rather than the final stockout prevalence.Reported cost differs from the objective minimised by CP-SAT. The objective costs as-signments separately after converting duration to integer minutes and charges overtimeonly when it is enabled and permitted for the technician. Reporting instead aggregatestravel and service hours by technician-day route, applies overtime rates above the stan-dard or reduced shift regardless of eligibility, and rounds route costs.Neither accounting convention resets the regular-rate allowance on each reserved dayof a multi-day job. The retained cost totals must therefore be interpreted as prototypeaccounting outputs, rather than validated estimates of incurred operational expenditure.
6.2.4 Prototype Validation and ReproducibilityThe application was developed and demonstrated as a research prototype. It does notinclude production authentication, role-based access control, or formal user-acceptancetesting with commercial dispatchers. Its usability and value in an operational workflowhave therefore not been established through field trials.Reproducibility also requires preserving the relationship between data versions, fittedmodels, solver configurations, and saved outputs. The original predictive benchmark andthe later job-identified evaluation have different fold memberships and must remain sep-arately documented. The scheduling experiments retain their original configuration; latersoftware changes should not be used to reinterpret archived results without rerunning therelevant comparisons.
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6.3 FutureWorkThe next stage should first strengthen the execution and evaluation rules before expandingthe range of application features.A first priority is a consistent benchmark in which the solver objective, reported cost,and completion-based SLA measures follow aligned accounting rules. Capacity-reductionscenarios should also reduceovertime capacity consistentlywith their intended interpreta-tion. A strict all-or-nothing crew optionwith synchronised starts would allow comparisonwith the current partial-staffing policy.A second priority is chronological execution evaluation. Competing schedules shouldbe tested against common realised job–technician durations, either through operationalrecords or a validated execution simulator. Static, calibrated-static, linear-regression, andRandom Forest policies could then be compared using completed jobs, waiting, cascadingdelays, overtime, and incurred cost. A rolling perfect-information benchmark could helpquantify the consequences of uncertain duration inputs.Predictive validation should also be extended. Technician-grouped and chronologicalsplits would assess performance on unseen staff and changing operating conditions. Eval-uation on real field-service records would test whether the relationships learned fromsynthetic data transfer to practice. Conformal prediction or quantile regression forestscould provide job-specific safety margins, subject to checking calibration on the popula-tion where they are used.The scheduling approach could be assessed against a multi-day or full-horizon MIP orCP-SAT formulation on smaller instances. This would quantify the effect of daily decom-position and coarse reservations. Separate intervention experiments would help distin-guish the effects of workforce expansion, overtime, multi-day logic, and priority penalties.Decision-aware learning, including Smart Predict-then-Optimise approaches adapted toduration-dependent feasibility, offers a further extension [10], [11].Finally, industrial use would require consistent road and flight travel inputs, integra-tion with enterprise work-order and inventory systems, authentication, audit logging, andstructured evaluation with field-service planners. These developments would allow theprototype’s planning functions to be tested within an actual service workflow and estab-lishwhether thediagnostic benefits observed in the synthetic scenario translate into betteroperational decisions.
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