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Magnetic resonance imaging (MRI) is one of the most clinically valuable and operationally

complex modalities in modern radiology departments. Its operations are characterized by

significant exam duration variability, complex scheduling demands, and a heavy reliance

on technologist expertise that is difficult to develop and assess systematically. Despite the

availability of rich operational data from sources like electronic health records (EHRs) and

modality log files (MLFs), MRI operations management has remained largely experience-

based and reactive. This dissertation addresses this disconnect through five interconnected

studies that apply data-driven methods to operational improvement in MRI services.

The first study established the feasibility of a virtual hub-and-spoke model for deploy-

ing MRI expertise across geographically distributed sites, demonstrating that key radiology

functions can be performed remotely while improving patient turnaround time and wait

time. The second analyzed modality log file data to identify actionable sources of work-

flow inefficiency that are invisible to EHR-based analysis alone. The third characterized

the structure and distributional properties of EHR data underlying subsequent predictive

work and demonstrated that clinical text embeddings derived from result narratives us-

ing BioClinicalBERT carry predictive signal for exam duration. The fourth introduced a

concordance-based validation framework for integrating EHR and MLF data, raising the

concordance correlation coefficient between systems from 0.33 to 0.87, and showed that

a Random Forest model trained on the validated dataset outperformed template-based



scheduling for 11 of 12 procedure codes with mean absolute error reductions ranging from

2% to 57%. The fifth compared Gated Recurrent Unit (GRU) neural networks against

XGBoost on three established benchmark datasets, finding that GRU models consistently

outperformed XGBoost with average advantages ranging from 8.5% to 18.8%, particularly

at longer temporal windows and with minimal feature engineering.

Collectively, these studies demonstrate that meaningful gains in MRI operational effi-

ciency and patient access are achievable by employing data-driven methods, and that the

choice of analytical approach can matter as much as the availability of data. The find-

ings provide both practical tools for MRI operational improvement and a methodological

foundation for future temporal modeling of dynamic technologist competency.
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Chapter 1

INTRODUCTION

Magnetic resonance imaging (MRI) is among the most clinically valuable and opera-

tionally complex modalities in modern radiology due to its high contrast resolution, 3D

capabilities, and ability to monitor anatomical detail, disease progression, and treatment

response. However, the equipment, maintenance, staffing, and specialized training required

to operate MRI scanners make it one of the most expensive imaging services a healthcare

system provides. Meanwhile, the ever-increasing demand for MRI places constant pressure

on radiology departments to improve throughput, reduce patient wait times, and deploy

their workforce more effectively, while maintaining imaging quality and patient safety.

Despite the operational complexity of radiology departments, efforts to improve work-

flow have traditionally relied on the experience and often objective judgment of depart-

ment leaders, supplemented by ad hoc manual observations and informal knowledge shar-

ing among staff. While valuable and practical, these approaches are inherently limited in

scope and scalability. MRI operations generate substantial amounts of heterogeneous data

through scanner log files, electronic health records, scheduling systems, and other opera-

tional sources, yet the analytical capabilities required to extract actionable insights from

these sources remain underdeveloped in most clinical organizations. Consequently, histor-

ical data that could reveal valuable patterns in exam duration, technologist competency,

equipment utilization, and scheduling inefficiency have largely gone underutilized. This gap

between available data and the required analytical capabilities constrains the ability of ra-

diology departments to transition from the current experience-based, reactive management

paradigm to an evidence-based, proactive approach to operational improvement.

This dissertation investigates data-driven approaches to MRI operational improvement

utilizing a range of methods and data sources. The work begins by characterizing MRI work-

flow complexity and the role of technologist expertise, then identifies inefficiencies through
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operational data analysis, and advances toward predictive modeling of exam duration to

support more accurate and adaptive scheduling. A theme that echoes throughout this work

is that operational data in clinical settings are rarely analysis-ready—data collected across

multiple systems exhibit missingness and discrepancies that require careful reconciliation

before any meaningful analysis can be performed. A further ambition of this work was to

capture the dynamics of technologist competency development, examining whether com-

petency evolution over time manifests as a detectable and learnable pattern in routinely

collected longitudinal operational data. This question could not ultimately be answered

with the available clinical data, but it motivated a rigorous methodological investigation

into when and why temporal neural models provide meaningful advantages over tree-based

approaches, a question with broad implications for future time-series forecast research.

As a whole, this dissertation advances the understanding of MRI operational improve-

ment from multiple perspectives—operational, analytical, and methodological. It also

demonstrates that data-driven approaches, when carefully designed and validated, can

meaningfully support decision-making in complex clinical imaging environments.

1.1 Related Work

This section provides background on several key areas that are integral to this dissertation.

Because each of the subsequent research chapters is based on a published, submitted, or

prospective manuscript, targeted literature reviews for the specific methods, as well as prior

work that is most relevant to the study are provided within each chapter. For this reason,

the related work presented here focuses on shared themes that span multiple chapters yet

are not addressed in the manuscripts. The most important among them is the literature on

competency assessment and modeling, as it motivates one of the original research questions

of this dissertation. Additional context is also provided on temporal forecasting methods,

including sequence modeling architectures and representation learning, situating the dis-

sertation within the broader landscape of healthcare operations and time-series forecasting

research.
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1.1.1 Competency Assessment and Modeling in Healthcare

Competency is a foundational concept in healthcare workforce management; however, its

definition remains contested in the literature. An important distinction is between compe-

tence—referring to a professional’s overall suitability for their role, encompassing knowledge,

technical skill, clinical reasoning, and values [1]—and competencies, which are demonstrable,

evaluable components of competence that can be assessed against accepted standards [2–4].

This distinction matters for operational research because competencies, unlike competence,

are in principle measurable and therefore amenable to data-driven analysis. Being able to

measure competence is considered essential for determining healthcare practitioners’ readi-

ness to provide quality care [5].

Given that competence is developmental and context-dependent [6,7], major healthcare

organizations have invested in generic competency frameworks intended to guide assessment

across professional settings. Two of the most influential are the CanMEDS framework, de-

veloped by the Royal College of Physicians and Surgeons of Canada and recognized as the

most widely applied healthcare competency framework in the world [8,9], and the ACGME

(Accreditation Council for Graduate Medical Education) framework of core competencies,

which defines six domains required for a physician to enter autonomous practice [10]. Both

frameworks comprehensively identify competency facets, but their exhaustive detail has

proven difficult to apply directly to practical assessment contexts [11,12]. This gap between

framework and practice has motivated a parallel literature on competency assessment in-

struments.

Questionnaire-based instruments are the most widely used in this literature, includ-

ing self-reported surveys assessing nurses’ core competencies [13], evidence-based practice

competency [14], and factors influencing registered nurse competency, such as years of ex-

perience and duty conditions [15]. Other instruments include simulations [16–19], global

rating forms [20–22], and direct observation [23–25]. Despite their prevalence, these in-

struments face well-documented limitations. Quantitative and psychometric studies have

repeatedly failed to develop reliable and valid measures even where competency domains

are well-defined [12], and self-reported instruments are inherently subjective. Additionally,
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many organizations do not assess competency routinely but only when performance prob-

lems emerge [5]—a reactive approach that produces sparse and irregular records poorly

suited to modeling competency development over time. One proposed remedy is to link

competencies to specific performance indicators as proxies for measuring competence [26],

an approach that motivates the present work.

In the context of MRI operations, technologist competency is not captured by any stan-

dardized instrument and is not directly observable in routinely collected longitudinal data.

However, exam duration, which is the time required to complete a scanning procedure,

serves as a plausible behavioral proxy for competency development, as more experienced

technologists are generally expected to complete exams more efficiently and consistently,

and this trajectory should, in principle, leave a detectable pattern in routinely collected

operational data over time. Framing competency development this way transforms an in-

herently qualitative concept into a measurable operational outcome, consistent with the

broader recommendation to anchor competency assessment to observable performance in-

dicators [26].

Modeling this trajectory temporally calls for architectures capable of capturing sequen-

tial dependencies in temporal data. Gated recurrent units (GRUs), a class of recurrent

neural networks designed to learn patterns across variable-length sequences while mitigat-

ing vanishing gradients, are well-suited to this task [27]. Unlike tree-based methods that

treat each observation independently, GRUs maintain hidden states across time steps and

can represent how a technologist’s performance at one point in time is conditioned on their

prior history, which is the structure that competency development would exhibit if present

in the data. This theoretical motivation drove the original design of the forecasting method-

ology in this dissertation. As described in Chapter 6, the available clinical data ultimately

lacked sufficient longitudinal depth to validate this approach on competency outcomes di-

rectly; the GRU methodology was therefore evaluated on established benchmark datasets

where temporal structure is known to exist, providing a rigorous foundation for its future

application in time-series forecast research.
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1.1.2 Temporal Forecasting Methods and Sequence Modeling

Electronic health records (EHRs) contain rich but challenging data—noisy, sparse, high-

dimensional, and irregular—that must be transformed before it can support downstream

machine learning tasks [28, 29]. Representation learning addresses this by automating the

extraction of meaningful features from raw data, reducing reliance on manual feature en-

gineering and enabling models to discover patterns that human-designed features might

miss [30, 31]. These properties make representation learning well-suited to operational

healthcare data, where the relevant signal is often embedded in sequences of events recorded

across time.

For temporal EHR data specifically, recurrent neural networks and their gated variants

have emerged as the dominant approach. Doctor AI, one of the earliest applications of

this paradigm, used GRU-based recurrent networks to predict future diagnoses and medica-

tion orders from longitudinal EHR sequences, outperforming non-sequential baselines and

showing strong generalizability across patient populations [32]. Patient2Vec extended this

approach by incorporating an attention mechanism into the RNN architecture, enabling the

model to weight the relative importance of different time points when constructing patient

representations—an approach that improved both predictive performance and interpretabil-

ity [33]. These works establish GRU-based architectures with attention as a well-motivated

and well-validated choice for learning from longitudinal clinical sequences.

The large majority of representation learning work with EHRs has focused on patients as

the subject of analysis. Doctor2Vec represents a notable departure, proposing a framework

that learns dynamic representations of physicians by embedding the patients they have seen

as a memory structure, then applying attention to weigh the relevance of past experience

to current tasks [34]. The framework outperformed logistic regression, random forest, and

LSTM baselines on clinical trial recruitment prediction tasks. This work is directly relevant

to the present dissertation, as it demonstrates the feasibility of learning provider-level rep-

resentations from EHR data, a modeling paradigm that informs the original design of the

forecasting architecture developed in Chapter 6, where the goal was to capture technologist

competency trajectories rather than patient outcomes.
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1.2 Contributions and Organization

This dissertation makes contributions across three dimensions of MRI operational improve-

ment. Operationally, it demonstrates the feasibility of virtual hub-and-spoke deployment of

MRI expertise and identifies actionable sources of workflow inefficiency through scanner log

file analysis. Analytically, it establishes a reproducible data reconciliation pipeline linking

modality log files with electronic health records and develops an exam-level duration predic-

tion model that substantially reduces scheduling error. Methodologically, it provides a rig-

orous empirical comparison of GRU and XGBoost architectures on established benchmark

datasets, characterizing the conditions under which sequential neural models outperform

tree-based approaches, a foundation for future temporal competency modeling in clinical

operational research.

Chapter 2 asks whether MRI expertise can be deployed more flexibly across a health

system without sacrificing imaging quality or operational efficiency—a better way to deploy

expertise. Using discrete event simulation, the chapter presents a feasibility study of a hub-

and-spoke virtual operations model in which remote MRI technologists support satellite

imaging sites. Originally conceived as a feasibility study, the model has since been piloted

at the study site, lending practical credibility to the simulation findings.

Chapter 3 asks whether MRI scanner log files, which contain data routinely collected

by the scanner but historically underutilized, can reveal actionable insights about workflow

efficiency—a better way to use data. The chapter presents a systematic analysis of modality

log files across multiple imaging sites, applying lean metrics and generalized linear models

to characterize sources of variability in scanner utilization and exam throughput.

Chapter 4 provides the empirical foundation for the predictive modeling work that fol-

lows. It documents the data landscape available at the study site, including the structure

and limitations of the data, and the challenges involved in reconciling discordant data across

these two systems. Natural language processing (NLP) using BioClinicalBERT is explored

as a tool for extracting structured information from clinical text, motivating future work

on NLP-driven feature extraction and predictive modeling in MRI operational research.

Chapter 5 asks whether MRI exam duration can be predicted accurately enough to sup-
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port more adaptive and efficient scheduling—a better way to schedule MRI exams. Using a

carefully constructed dataset that reconciles MLFs with EHRs, the chapter presents a Ran-

dom Forest model that predicts exam duration at the exam level, achieving mean absolute

error (MAE) reductions of up to 57% relative to current scheduling assumptions for 11 of

12 procedure codes.

Chapter 6 asks whether temporal neural network architectures provide meaningful ad-

vantages over tree-based methods for learning from sequential operational data—a better

way to model technologist development. Motivated by the original ambition to capture

technologist competency trajectories as a learnable temporal pattern, and constrained by

the limitations of available clinical data, the chapter evaluates GRU and XGBoost mod-

els using three established benchmark datasets, including Air Quality, Bike Sharing, and

Rossmann Store Sales, where strong temporal patterns are known to exist. The results

demonstrate consistent average GRU advantages ranging from 8.5% to 18.8% across datasets

with minimal feature engineering, providing a rigorous methodological foundation for future

competency modeling and time-series forecasting work.

Chapter 7 synthesizes the dissertation’s contributions, reflects on the limitations of the

studies, and identifies directions for future research.
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Chapter 2

A BETTER WAY TO DEPLOY EXPERTISE: VIRTUAL
HUB-AND-SPOKE MODEL FOR MRI OPERATIONS

This chapter is based on: Li, L.1, Mastrangelo, C.1, Briller, N.2, Tesfaldet, M.2, Starobi-

nets, O.3, & Stapleton, S.4 (2022). Prioritizing magnetic resonance (MR) radiology func-

tions for virtual operations: a feasibility study. Journal of Hospital Management and Health

Policy, 6.

Chapter Summary5

Virtualization in radiology presents a growing opportunity to improve the efficiency and

lower the cost of care delivery. Furthermore, it may provide a means to manage staffing

shortages, reduce burnout, and encourage employee development. In radiology, the feasibil-

ity tof performing several non-patient-facing imaging procedure tasks remotely is explored.

Virtualization of MRI exams is of specific interest as it typically involves a range of complex

tasks, and inefficiencies can increase patient wait times (WTs) and reduce overall utilization.

To explore this, a computer simulation model is developed to approximate turn-around

time (TAT) and patient WT while accounting for technologist expertise and workflow com-

plexity. The model was validated against 1,618 inpatient/ED exams. Using cognitive task

analysis (CTA), complex MR functions are identified from a technologist’s perspective that

may require a high level of expertise and thus influence workflow durations.

Results showed virtualizing complex, non-patient-facing functions may reduce MR work-

flow duration by up to 15% and patient in-exam WT by up to 75% when utilizing expert

1Industrial & Systems engineering, University of Washington, Seattle, WA, USA

2Department of Radiology, University of Washington Medical Center, Seattle, WA, USA

3Philips Research North America, Cambridge, MA, USA

4Philips Healthcare, Seattle, WA, USA

5Adapted from abstract of original article
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technologists. For example, scans involving the abdomen and spine and addressing unre-

ported implants benefit the most from experts and may be supported remotely.

In conclusion, modifying the workflow of MRI exams by segmenting complex,non-patient-

facing functions to expert technologists within an organization or in a remote center is

feasible, as it improves efficiencies and results in a better patient experience. In addition,

administration now has guidance on how to effectively deploy a highly-trained workforce in

a virtual setting.

2.1 Introduction

Magnetic resonance imaging (MRI) is an important diagnostic scanning tool for the detec-

tion and monitoring of specific diseases and conditions. However, equipment, operations,

maintenance, and personnel (e.g., MR technologists) make the diagnostic tool expensive,

so improving workflow efficiency is valuable. Traditionally, telemedicine in radiology fo-

cuses on the electronic transmission of images and radiological reports for image interpre-

tations [35, 36]. However, the processes in the MRI workflow can be improved as advances

in computer and communications technology enable users with better tools for the compre-

hensive exchange of information in real time. This research studies improvements in MR

imaging processes using expert technologists to alleviate workflow constrictions. In addi-

tion, image acquisition tasks that may be performed in a virtual environment are identified,

and the efficiencies of acquiring MRI exams are evaluated. In this chapter, virtual indi-

cates work that may be performed in a remote operating center by a group of highly skilled

technologists.

The hierarchical structure of the MR imaging functions is shown at the highest level

in Figure 2.1 and is depicted using an SADT (Structured Analysis and Design Technique)

format [37]. The functions given in this section are the foundational elements of the modeling

that is discussed in the next section. The first function, Review Schedule, occurs up to

3 weeks in advance of an appointment. The function reviews the exam parameters for

exam code, exam protocol and sedation/anesthesia orders and then the patient’s record for

allergies, body habitus, mobility needs, implants and other special needs. The Prep Patient

function (A02) is performed by both technologists and medical assistants. The function
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begins with confirming arrival and patient identification in the electronic health record

(EHR) then clearing implants that were not reported at the time the appointment was made,

assigning lockers for patient changing, starting an IV or other port access, handling special

needs (i.e., pacemaker, claustrophobia) and conducting final verification before walking the

patient to the scanning room. The Release Patient function (A04) begins when the patient

leaves the scanning room and ends after the patient changes, receives post-exam instructions

and has any ports removed.

Figure 2.1: SADT diagram of highest-level MR image acquisition functions.

Figures 2.2 and 2.3 show the next level of functional decomposition which involves all

activities that may affect image quality for the Prep Patient (A02) and the Scan Patient

(A03) functions, respectively. Each top-level function, A01–A04, shown in Figure 2.1 was

decomposed two additional levels to fully capture the MR workflow; however, Prep Patient

(A02) and Scan Patient (A03) functions are only given here because they are most relevant

to the discussion herein. The Prep Patient function starts with identifying and screening the

patient, which involves asking about the patient’s past medical treatments and procedures
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Figure 2.2: SADT diagram of Prep Patient sub-functions.

Figure 2.3: SADT diagram of Scan Patient sub-functions.
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that may pose risks to patient safety during the MR exam (including but not limited to

implants, surgical incisions, etc.). If an implant that is not reported in the patient’s record

surfaces in the screening process, the details about the implant will need to be obtained

and addressed by a knowledgeable technologist to have it cleared; otherwise, the patient

will be assigned a bay and a locker and change into the proper attire. If the patient needs

an IV as suggested by the exam code, then after changing, an IV will be started. Prep

Room includes preparing the coils and positioning devices as well as performing a last

safety screening. Proper positioning of the patient ensures good images as well as patient

safety and comfort. While the Review Schedule function has already occurred, there may

be last-minute updates, so the order is reviewed and the protocol is selected from the MR

scanner. The protocol may be updated with additional sequences at that point to ensure

that the anatomy is fully scanned. As the protocol sequences are run in the Acquire Image

function (A034), the technologist is continually monitoring the quality of the images. Some

images, such as spectroscopy and angiograms, require post-processing before being sent to

the picture archiving and communication system (PACS). Finally, exam details for billing

are entered while the patient is escorted back to the changing bay and released. After a

baseline simulation model that represents the traditional MR workflow is developed and

validated, two expert-usage scenarios are analyzed. Turn-around time (TAT) and wait

time (WT) associated with the two expert-usage scenarios decrease across all modeled MR

functions and patient attributes when compared to the baseline model. These findings are

extended to explore workflow virtualization for a remote operating center that will not only

increase efficiency but has the potential to increase patient access, workforce development

and care standardization.

2.2 Methods

Opportunities for virtual operations reside with tasks that are most demanding in the MR

workflow. A cognitive task analysis (CTA) is conducted to identify those demanding MR

activities. Based on the findings of the CTA, a discrete-event simulation (DES) model is

developed and used to explore different expert-usage scenarios.
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2.2.1 Data Sources

The data used in this study come from two sources: observations and scanner log files.

Over 180 hours of observation were spent in the MR operations area conducting the CTA,

characterizing the operations for functional decomposition, and gathering metric data for

functional tasks. Log file data consisting of 68 variables on approximately 114,000 exams

were utilized for scan time duration by anatomy, number of exams by exam type, and patient

characteristics (i.e., age, weight, gender). This study focused on the seven anatomies that

represent more than 95% of all outpatient diagnostic scans (Table 2.1). Scanner time mean

and variability differ by anatomy, so the anatomy of the patient being scanned must be

accounted for. For simplicity, only the top five anatomies, which account for more than

80% of all outpatient diagnostic scans, are modeled.

Table 2.1: Mean and standard deviation (SD) of scanner time by anatomy (minutes)

Brain Head Liver Abdomen Spine Knee Heart Other

Mean 39.1 34.81 37.4 40.05 44.72 35.59 75.20 –

SD 15.7 12.53 14.85 15.29 23.22 15.5 23.01 –

% exams 28% 18% 13% 13% 11% 5.9% 5.9% 5.2%

2.2.2 CTA: Identification of Demanding MR Activities

Many of the functions described in the SADT diagrams are complex, and their durations

will be impacted by the experience of the technologist. As such, the MR workflow first

needs to be characterized from a cognitive perspective rather than a purely behavior-based

task analysis. Applied cognitive task analysis (ACTA) is used to elicit and capture difficult

cognitive elements, the rationale for their difficulty, and potential errors [38–40]. Figure 2.4

presents selected findings from the CTA that are considered “complicated” from a technol-

ogist’s perspective; these findings identify the need for capturing and modeling expertise.

Expert technologists are utilized in all functions except Release Patient (A04).
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Figure 2.4: Selected findings from the cognitive task analysis by MR workflow function.
Color denotes high-level function: Review schedule (A01), Prep patient (A02), Scan patient
(A03). FOV, field of view.
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2.2.3 Modeling Expert Knowledge

For a given task, a technologist’s completion time reflects a relative experience level. As ex-

pertise accrues, the time technologists spend on MR operational tasks tends to decrease [41].

To model expert knowledge, task times are randomly sampled from designated probabil-

ity distributions. Because expert task time is not documented for any tasks in the MR

workflow, a triangular distribution is used as a subjective description of the population.

Two different classes of task time distributions are used: the expert technologist task

time distribution (“expert distribution”) and the average technologist task time distribution

(“average distribution”). For any task, experts tend to have a smaller mean task time and

a smaller variability. Historical data were not available for expert distributions; instead,

the mode and the upper limit of the respective average distributions were decreased by a

specific amount (assuming the lower limit stays the same). The percentage of decrease is

determined by findings in [41] and verified by subject matter experts (SMEs).

2.2.4 Discrete-Event Simulation (DES) Model

DES has long been used to model healthcare systems [42–46]. A DES model is developed and

implemented using the SimPy package in Python (Version 3.8.3) [47, 48]. The key output

metrics are TAT and WT. TAT is defined as the time from when a patient begins the

identity confirmation and safety screening function (A021) to when the patient is returned

to the changing area (A04). WT is the time that the patient is waiting for a resource such

as a technologist, medical assistant, or scanner; WT is included in the TAT.

For each simulation run, a pool of 500 patients is generated, and each patient is assigned

five attributes: (I) habitus (normal, obese); (II) exam type (brain, head, liver, spine, ab-

domen); (III) implant (no implant, unreported implant, non-interfering implant, conditional

pacemaker, non-conditional pacemaker); (IV) IV (needed, not needed); and (V) allergy (yes,

no). The frequency of occurrence of each attribute is determined by observation, log-file

analysis, and SMEs. Table 2.2 shows how a simulated patient is represented and stored as a

vector in the patient pool. The simulation model contains 12 functions in total decomposed

from the highest-level functions in Figure 2.1, and patients arrive at a fixed interval of 15
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minutes.

Table 2.2: Patient attribute distributions and example patient profile used in the simulation
model.

Habitus Exam type Implant IV Allergy

Normal 90% Brain 34% No implant 65% Needed 80% Yes 15%

Obese 10% Head 21% Unreported implant 5% Not needed 20% No 85%

Liver 16% Non-interfering implant 20%

Abdomen 16% Conditional pacemaker 5%

Spine 13% Non-conditional pacemaker 5%

Example patient Normal Head No implant Needed No

2.2.5 Baseline Model Validation

The baseline simulation model is validated against MR inpatient/ED TAT data collected

between March 2019 and February 2020 at the academic facility where the study was con-

ducted. Because inpatients and ED patients are typically prepped before arriving at the

MR unit, the data include only the time from when they enter the scanner room to when

they leave; this process is captured by the Scan Patient (A03) function.

Data preparation required the elimination of duplicate records, infeasible exam records,

and the concatenation of exam cards. Exams were grouped by exam code, and those with

durations below the 10th percentile or above the 90th percentile within each category were

removed. The top 14 most frequently occurring exam codes were retained, representing

approximately 80% of total cases. Prior to cleaning, 2,931 exams comprised the dataset;

after cleaning, 1,618 exams remained (446 excluded for duplication, 474 for exam codes

outside the study scope, 393 for unreasonable durations).

The mean duration for the scan-patient function in the historical data is 41.36 minutes;

the mean for the simulation model scan-patient function is 46.70 minutes. The (µ + 1σ)

intervals are (28.91, 53.81) and (37.04, 56.36), respectively. The difference is likely caused

by a small difference in exam types between inpatients and outpatients. SMEs concluded
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that the simulation model output is in accordance with the historical data, and the model

is validated.

2.2.6 Expert-Usage Scenarios

Based on the validated baseline model and CTA findings, two expert-usage scenarios are

examined. Weinger & Slagle [41] found that expert anesthesiologists may spend up to 50%

less time on specific tasks than novice anesthesiologists. Since the MR technologists observed

were not complete novices, a task time reduction well below 50% is assumed: the mode is

decreased by 10% and the upper limit by 20% in the expert distribution compared to the

average distribution. The resulting triangular distribution parameters for all expert-eligible

functions are given in Table 2.3.

The All-Expert-Onsite scenario assigns all tasks that benefit from increased capability

to expert personnel only. Such tasks include check unreported implant (A022), start IV

(A024), prep room (A031), position and prep patient (A032), check order and select protocol

(A033), acquire image (A034), and post-process image (A035). All task durations are drawn

exclusively from expert distributions, representing an upper bound on system performance.

The Remote-Technologist scenario moves towards virtualization by offloading non-

patient-facing tasks to a remote location staffed exclusively by experts. Only non-patient-

facing tasks are considered because some functions requiring expert help—such as starting

an IV—cannot be effectively assisted in a virtual environment. Functions suitable for virtu-

alization include check unreported implant (A022), check order and select protocol (A033),

acquire image (A034), and post-process image (A035). This scenario represents a situation

where a local site is administered by medical assistants and/or nurses while a remote site

supports multiple local sites.

2.2.7 Statistical Analysis

All statistical analyses were performed in R (RStudio Version 1.1.456). Pairwise t-tests were

used to determine whether statistically significant differences exist between the mean TAT

and mean WT of all three models.
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Table 2.3: Triangular distribution parameters for MR functions utilizing experts

Function
Average Distribution Expert Distribution

Parameters (min) Mean SD Parameters (min) Mean SD

Check unreported implant (A022) (5, 7, 30) 14.00 5.67 (5, 6.3, 24) 11.77 4.33

Start IV (A024) (3, 7, 20) 10.00 3.63 (3, 4.5, 16) 7.83 2.90

Prep room (A031) (2, 3, 4.5) 3.17 0.51 (2, 2.7, 3.6) 2.77 0.33

Position & prep patient (A032) (2.1, 3.9, 5.2) 3.73 0.64 (2.1, 3.5, 4.2) 3.27 0.44

Check order & select protocol (A033) (0.5, 0.8, 1.3) 0.87 0.16 (0.5, 0.7, 1.0) 0.73 0.10

Post-process image (A035) (4.5, 6, 8) 6.17 0.72 (4.5, 5.4, 6.4) 5.43 0.39

Note: Acquire Image (A034) parameters vary by anatomy; see original manuscript for full values.

2.3 Results

2.3.1 Baseline Model Results

Figure 2.5 shows the results from one simulation run with 500 simulated patients. The base-

line model is replicated 30 times, and the mean TAT and mean WT over the 30 simulation

runs are shown in Table 2.4.

The baseline model provides insights into the patient attributes. Figure 2.6 shows that

exam type and implant status tend to affect exam duration, while patient habitus, patient

allergies, and IV requirements do not. Exam type and implant status are further explored.

Figure 2.7 shows that patient characteristics do not significantly affect WTs. MR exam

durations vary by anatomy, but utilizing experts may reduce longer scan times and reduce

TAT. In addition, improving implant knowledge may also reduce TAT.

2.3.2 Expert-Usage Scenario Results

Each of the expert models is replicated 30 times, and the results are shown in Table 2.4. Un-

der all scenarios, the use of expert technologists reduces TAT and WT. By simply offloading

the non-patient-facing functions to expert technologists in the remote-technologist model,

the average TAT per exam is reduced up to 12.54 minutes and the average WT is reduced

up to 6.44 minutes when compared to current operations where expert help is provided on
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Figure 2.5: Baseline simulation model results.
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Figure 2.6: TAT by patient attributes for baseline model: (A) habitus; (B) exam type; (C)
allergy; (D) IV; (E) implant.
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Figure 2.7: WT by patient attributes for baseline model: (A) habitus; (B) exam type; (C)
allergy; (D) IV; (E) implant.
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an informal basis. Note that the remote-technologist model has a comparatively longer TAT

and WT because only the non- patient-facing functions are studied. In other words, this

model only utilizes durations from four expert distributions, whereas the all-expert-onsite

model uses durations drawn only from the expert distributions.

Table 2.4: Simulation results of baseline and expert models

Model Mean TAT (min) Mean WT (min)

Baseline model 87.69 (1.45) 8.58 (1.27)

All-expert-onsite model 71.59 (0.40) 1.25 (0.20)

Remote-technologist model 75.15 (0.46) 2.14 (0.28)

Example (abdomen, spine, unreported implant) 83.62 (0.81) 5.54 (0.65)

Note: Standard deviation given in parentheses.

2.3.3 An Illustrative Example

While the all-expert-onsite model represents an idealized situation where all tasks are per-

formed by experts, a more realistic situation is that experts are “tapped” on an informal

basis when needed. Moreover, it is assumed in this example that the expert workload

comprises both scheduled and on-demand components. The scheduled workload includes

exams that are known to be difficult to perform for the less experienced technologists, and

the on-demand workload includes impromptu requests for help. Note that abdomen and

spine exams have longer image acquisition durations and/or variability, and are generally

perceived as more challenging by MR technologists, Therefore, in this example, when these

exams are on the schedule, they are routed to a remote operations center staffed by expert

technologists. Since unreported implants require evaluation by an expert technologist, they

are also be routed to the remote operations center; this represents an unscheduled or on-

demand workload for the technologist. Table 2.4 (bottom row) shows the metrics for this

example: offloading more complex exams and potentially risky implant situations reduces

TAT and WT when compared to the current operations (i.e., baseline model).
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2.3.4 Comparison

Pairwise t-tests are used to determine if statistically significant differences exist between the

mean TAT and mean WT of all three models: the baseline model and the two expert models.

The box plots in Figure 2.8(A) represent the mean TAT for each model and the stars above

the horizontal lines denote the level of significance for each of the 3 pairwise comparisons—all

of which are significantly different. Figure 2.8(B) plots the same information for mean WT.

Again, all pairwise comparisons are significant. The findings suggest that by having experts

in the workflow, efficiency gains and reductions in variability can be achieved. What’s more,

the higher the expert involvement, the more efficiency gains are realized. While the remote-

technologist model does have longer TAT and WTs than the all-expert- onsite model, the

efficiency gains are substantial compared to the current workflow.

Figure 2.8: Pairwise comparison of mean TAT and mean WT of different models: (A) mean
TAT (minutes); (B) mean WT (minutes). ****: p < 0.001.
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2.4 Discussion

Teleradiology is typically associated with the electronic transmission and processing of radi-

ological images; however, advances in communication technology can support more efficient

and reliable real-time exchange of information that is distinct from MR scanner technology.

At the same time, healthcare is shifting toward a value-based care model. Virtualizing MR

image acquisition can increase value by optimizing workflow, improving staff efficiency, and

providing an opportunity for workforce development.

In this chapter, the activities of the MR workflow were analyzed from the competency

perspective of a technologist, and functions with increased cognitive demand were identified.

These functions represent opportunities for improved efficiency through the targeted use of

expert technologists. Using DES, two expert models were explored. Results show that by

offloading the functions of checking unreported implants and acquiring images to expert

technologists, the average TAT per exam is reduced by up to 12.54 minutes and the average

WT is reduced by up to 6.44 minutes compared to the traditional workflow in which expert

help is provided on an informal basis.

Since these key functions do not require patient interaction, they are suitable for virtual-

ization. Using experts in a remote capacity is feasible and significantly improves efficiency.

In addition, using experts in a virtual environment offers further benefits:

1. Increased scanner utilization. Expert technologists could support multiple imag-

ing rooms, including scanners at underutilized sites in rural areas.

2. Improved patient experience. Expert technologists function as shared assets in a

network, reducing the need for patients to travel to receive high-quality care.

3. Continued workforce development. Formalizing expert roles provides a path to

recognition, continued competency development, and increased job satisfaction.

4. Increased care standardization. A remote center staffed with expert technologists

enables consistent image quality and diagnostic outcomes across both rural settings

and academic medical centers.
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The limitations of this work lie in what was not studied. Although the anatomies,

exam codes, technologist and medical assistant functions, and workflow processes included

represent more than 80% of the MR imaging acquisition workload, a bias may result from the

exams not included. In addition, the study site is typical of large academic medical centers

and may not reflect small radiology clinics or diagnostic imaging chains. However, the use of

DES as the underlying modeling mechanism provides generalizability for application in not

only MR image acquisition but other healthcare delivery workflows where expert knowledge

affects process times and virtual operations are considered.

Advancements in virtual operations contribute to faster TATs and a better patient ex-

perience, and help increase the overall productivity of MR departments while providing

greater operational sustainability. A remote site composed of expert technologists warrants

further work in the areas of assessing and characterizing technologist competency, balanc-

ing image acquisition tasks with cognitive load in a virtual environment to maintain expert

resiliency and capacity, and understanding the impact of task handoff between on-site and

virtual locations on patient safety.
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Chapter 3

A BETTER WAY TO USE DATA: MRI LOG FILE ANALYSIS FOR
WORKFLOW IMPROVEMENT

This chapter is based on: Petroianu, L. P.1, Li, L.1, Mieloszyk, R. J.2, Mastrangelo, C.

M.1, Stapleton, S.3, & Hall, C.3 (2024). MRI log file analysis for workflow improvement.

Current Problems in Diagnostic Radiology, 53(2), 192-200.

Chapter Summary4

Magnetic Resonance Imaging (MRI) is an important diagnostic scanning tool for the de-

tection and monitoring of specific diseases and conditions. However, the equipment cost,

maintenance, and specialty training of technologists make the examination expensive. Con-

sequently, unnecessary scanner time caused by poor scheduling, repeated sequences, aborted

sequences, scanner idleness, or capture of non-diagnostic or low-value sequences is an op-

portunity to reduce costs and increase efficiency. This chapter analyzes data collected from

log files on 29 scanners over several years. ‘Wasted’ time is defined, and key performance in-

dicators (KPIs) are identified. A decrease in exam duration results when actively modifying

and monitoring the number of sequences that comprise the exam card for a protocol.

3.1 Introduction

The increase in usage of diagnostic imaging—including Magnetic Resonance Imaging (MRI),

Computed Tomography (CT), and interventional X-ray (iXR)—has a projected annual

growth rate of over 5% [49]. Cross-sectional imaging procedures are high-cost with the

potential for large variability. Due to the high cost of MRI exams, improving efficiency in

1Industrial & Systems engineering, University of Washington, Seattle, WA, USA

2Microsoft, Raleigh, NC, USA

3Philips Healthcare, Department of Radiology, University of Washington, Seattle, WA, USA

4Adapted from abstract of original article
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the imaging process is imperative and has been studied to improve access and reduce cycle

time [50, 51], to identify bottlenecks [52], to optimize scheduling [53], to optimize image

reading [54], and to study automation [54]. These studies rely on observational data col-

lected either manually or electronically. Confined observation limits the time and volume

of data analyzed, may make it difficult to guarantee data diversity, and introduces the risk

that the presence of an observer modifies staff behavior.

An opportunity exists for utilizing MRI scanner log files to improve workflow efficiency

because of the quantity, type, and automatic collection of data. Scanner log files track

details of an MRI exam that are not easily accessible from other IT systems, including

exam logistics (e.g., reliable start and end times), equipment status (e.g., table movement

to infer patient positioning), exact protocoling, sequence repetition, faults (e.g., equipment

failure or maintenance), and patient characteristics (e.g., age, weight). MRI log files have

been studied in several ways: using MRI acquisition parameters to predict missing body

regions in log files [55], using imaging and compressed imaging in parallel to improve exam

efficiencies [56], and analyzing metadata to reduce process variability and optimize patient

care [57]. In this study, data are taken from 29 MRI scanners located in different regions

of the United States. Analysis of the log file data provides an opportunity to understand

MRI scanner utilization and identify factors leading to long scan durations, unproductive

sequences, and unnecessary sequence repetitions.

In this chapter, lean manufacturing principles [58] are used to facilitate the analysis of

log files by identifying wastes and subsequently defining KPIs. The analysis reveals that an

improvement opportunity exists in modifying and monitoring the number of sequences that

comprise the exam card for a protocol. This results in a measurement methodology that

may be used to improve MR imaging operations. Analytical models then identify relevant

physiological factors that may influence the KPIs. While the analytical work focuses on

MRI scanners at one site, the findings are replicable and extensible to other sites.

3.2 Analysis and Performance Metrics

The initial step is to understand and preprocess the log file data. Figure 3.1 maps the MRI

imaging steps based on the log file variables and summarizes the exam processes from ‘Exam
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Start’ or first table movement to ‘Exam End’ or last table movement. The data contains 60

variables on 373,711 exams that were completed from November 2013 to May 2018 on 29

scanners. The quantity of extracted data supports a detailed and rich analysis; however, the

dataset contains outliers, system errors, and other factors that need to be reconciled. Since

the focus of this effort is outpatient exams, start times outside the hours of 7am to 5pm were

removed since the institution typically schedules inpatient exams in the evening. Exams

with durations lasting more than two hours were removed as the institution has no protocols

with a duration greater than 60 minutes. Exams with a gap greater than 4 hours were also

removed; this occurs when one exam is the last exam of the day and the next log file entry

on the scanner is the first exam of the next day. These exams are assumed to represent

incomplete log files. Exam records were also removed when patient characteristics, such as

age, gender, and weight, were missing. Finally, exams from ED patients were removed. After

preprocessing, the dataset contains 114,214 outpatient-focused exams. Note that these data

preprocessing filters were set by the MRI technologists and imaging specialists. The dataset

contains 68 variables as 8 new variables were created to facilitate analysis, such as day of

the week, time periods, and broader patient characteristics (i.e., weight and age categories).

The data preprocessing and cleansing heuristic was validated by conducting a merge of the

log file data with RIS data. This activity entailed matching exam date, gender, and age with

approximate exam start time along with a fuzzy merge of exam description. This resulted

in a log-file dataset comprising 11K exams, and this data is statistically equivalent, using

confidence intervals on correlation coefficients between scanned body part and KPI (defined

in next section), to ∼114K exam dataset which is used in the remainder of this chapter.

3.2.1 Lean Analysis and Key Performance Indicators

A lean methodology, specifically the seven wastes concept, was used to identify wasted time

during the exam. Previous studies have demonstrated the ability to improve performance in

radiology through such an approach [51,53,59–62]. Table 3.1 identifies wastes from a log-file

perspective. Strictly speaking, any activity not directly associated with successful image

scanning and storage is considered a waste. However, it is not always practical or technically
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Figure 3.1: Flowchart for a typical MRI exam, based on the log file information. The exam
starts with the first table movement and ends after the last table movement. The log files
capture data related to each one of these activities.
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feasible to eliminate a wasteful step—for example, the time associated with administering

contrast, positioning the patient, or performing survey scans. On the other hand, scanning

time may be considered a ‘waste’ if a scan is repeated or never reaches the picture archiving

and communication system (PACS).

Table 3.1: The 7 lean ‘wastes’ interpreted for the MRI scanning process.

Waste Brief Definition MRI Waste Metrics

Waiting Waiting for the end of the

previous process; waiting for

material

Time between exams; total idle

time; time between exam start and

first table movement; time between

scanner setup and first scan; idle

time between scans

Defects Rework due to prod-

uct/process problems

Repeated sequences/scans; total

time on repeated or aborted se-

quences/scans

Over-

Processing

Processing more than is

needed

Repeated sequences; repeated ex-

ams; excessive scanning time

Over-

Production

Producing more than is

needed

Unnecessary sequences/scans

Motion Unnecessary movement

within the process

Staff movements; excessive table

movements

Inventory Material or products not be-

ing processed; staff non-

productive time

Not applicable to MRI log file vari-

ables

Transport Unnecessary movement be-

tween processes; same staff

working in different rooms

Not applicable to MRI log file vari-

ables

Note: MRI Waste Metrics are included as representative examples.

Ten candidate KPIs that can be measured using the data in the MRI log files were

identified. The measurable features were reviewed with subject matter experts for their

potential as an indicator of MRI exam performance or as a driver of MRI variability. The
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variability of each KPI by body part, by scanner, and as a whole was analyzed. With input

from imaging specialists, three are considered actionable for improvement and the following

KPIs were selected:

1. Exam Duration: The total duration of the exam taken from the start and end times

in the log files. Note that this time includes all scan time (survey, calibration, and

diagnostic), image acquisition time, contrast administration, and table movements.

2. Total Idle Time: The total time within the exam duration during which the MRI

scanner was inactive.

3. Fraction of Repeated Sequences: This metric is calculated as the number of

repeated sequences divided by the total number of sequences that occurred during

the exam. A fraction is used as exam cards are comprised of a different number of

sequences and converting to a fraction enables comparison across exam cards. For

example, a primary brain tumor exam card may be comprised of 9 sequences and

repeating one sequence results in a fraction of 0.11. Whereas a cardio myopathy exam

card may have 24 sequences and repeating one sequence results in a fraction of 0.04.

The last two KPIs are related to defects/rework in the process and waiting; ‘Total Idle

Time’ represents non-productive time in the process and ‘Fraction of Repeated Sequences’

(henceforth, called fraction- repeated) corresponds with errors that occurred and demand

rework. Although ‘Exam Duration’ is not a waste as presented in Table 3.1 it directly cor-

responds to over-processing/production and excessive scanning time. It is also an important

measure because it represents the total exam time to either reduce or stabilize.

Figure 3.2 demonstrates high variability within each KPI by anatomy. The six anatomies

shown—abdomen, brain, head, liver, pelvis, and prostate—occur most frequently at the

analysis site (comprising 4 MRI scanners), and the variability pattern is consistent across

all 29 scanners. The fraction-repeated KPI exhibits particularly high variability across

anatomies. Exams that occur more frequently, such as brain and head exams, exhibit less

variability across all three KPIs.
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Figure 3.2: KPI by anatomy where ‘n=’ denotes the number of exams. Brain exams tend
to have the smallest KPI variability while abdominal exams demonstrate larger variability.
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3.2.2 KPI Site Comparison

The data are consolidated to 5 health systems encompassing 24 MRI scanners. Table 3.2

shows the mean, standard deviation, and quantity of brain MRI exams by site. The smallest

number of exams at any site is approximately 500. Mean exam duration and duration

variability are statistically equivalent across the systems, irrespective of the number of

exams. On average, total idle time is 7.4 minutes, or approximately 20% of exam duration,

but with large variation (coefficient of variation ranging from 0.75 to 1.12). In other words,

idle time ranges from 5% to 44% of exam duration across the systems. The fraction of

repeated scans per exam and its variability also vary widely across systems.

Table 3.2: Comparison of KPIs across 5 systems (brain MRI exams). SD: standard devia-
tion.

Site No. Exams
Exam Duration (min) Fraction Repeated Idle Time (min)

Mean SD Mean SD Mean SD

1 616 37.15 20.29 0.20 0.21 8.01 6.22

2 4,501 37.90 13.15 0.27 0.31 8.04 8.84

3 1,177 39.57 17.86 0.21 0.28 7.12 6.31

4 1,497 36.78 17.22 0.17 0.25 6.77 6.03

5 3,380 39.09 15.70 0.14 0.34 7.63 7.19

Table 3.3 consolidates this information for all anatomies. System 3 has better KPI

values overall; however, there is no statistically significant difference between the KPIs

when comparing any two systems. System 1 serves as the analysis site for this work, and

findings extend across all systems.

3.2.3 Exam Card Modification

Exam duration is highly correlated with several variables. In particular, exam duration

exhibits a strong positive correlation with total scanning time—defined as the sum of all

scan times during the exam (including diagnostic, survey, calibration, and reference scans).
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Reducing the number of scans or sequences reduces total idle time, reduces the number

of repeated scans, and ultimately reduces exam duration, thereby increasing operational

efficiency. An exam card is a list of sequences that comprise a template exam and is usually

stored on an MRI scanner. Exam cards are frequently modified by adding or subtracting

sequences.

Figure 3.3 (top) shows that for a given protocol, there are redundant exam cards stored

on a scanner that may contain unnecessary sequences. Figure 3.3 (middle) displays the

most frequently occurring exams by anatomy: brain, liver, and head exams are the most

prevalent at the analysis site. Figure 3.3 (bottom) merges the information from the above

two subfigures and shows that, except for the head anatomy, there is a broad distribution

of stored exam cards used in MRI exams, which can result in longer exam setup time and

delayed starts.

A pilot study was conducted to examine the effect of reducing the number of sequences

on exam duration for brain anatomy exams. Figure 3.4 shows a decrease in exam duration

for a primary brain tumor protocol. Two exam cards were modified and combined in the

middle of month 3 (x-axis) and used as the basic exam card for the next 2.5 months. Because

the new exam card has fewer sequences, exam duration and idle time decrease from March

to May. On average, the number of scans was reduced from 8.29 to 7.39 and exam duration

by approximately 4 minutes (∼12% of average exam duration). The fraction of repeated

scans did not improve in the same period, indicating further room for improvement. This

study demonstrates that exam duration may be reduced through active management of

exam card composition.

3.3 Analysis of Patient Characteristics

Supervised statistical learning is a framework for understanding data based on statistics and

involves building a statistical model for predicting an output based on one or more inputs. In

this section, Generalized Linear Models (GLMs) are used to analyze the association between

patient characteristic variables and the KPIs (i.e., response variables). By developing an

empirical model, understanding what variables affect the KPIs may be inferred, and their

effect on the KPIs may be estimated.
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Figure 3.3: Distribution of exam cards and the number of exams by anatomy. Top: Dis-
tribution of 1097 exam cards stored on scanners at the analysis site by body part. Middle:
Number of exams by anatomy. Bottom: This plot shows the number of different exam cards
from (a) that are used in the exams in (b). Each color represents one exam card.
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Figure 3.4: Number of scans and average KPIs comparison per month. The months in
brown occur after the exam card change and show a decreasing trend in exam duration.

The GLM is an extension of the standard linear model that uses different distributions

as a link function [63, 64]. GLMs are used here for several reasons: the interpretability

of predictor variables, the ability to model both categorical and continuous predictors and

response variables, and the non-normality and non-constant variability in the log file data.

A model using 5-fold cross-validation was estimated for a single MRI site.

Two GLM models were created for each KPI5. The first model uses patient sex (binary:

0 = female, 1 = male), patient age (continuous), and patient weight (continuous). The

second model uses the same variables with age and weight converted to nominal form:

three age levels—child (<11 years), adult, and elderly (>69 years)—and two weight levels—

overweight (>90 kg for women, >110 kg for men) and regular weight. These models were

developed for the brain (8,489 records) and liver (5,966 records) anatomies, as they are the

most frequently occurring in the data.

5Exam duration: Gaussian with identity link since exam duration is approximately normally distributed
after filtering; Total idle time: Gamma with log link since idle time is strictly positive and right-skewed;
Fraction repeated: Beta regression since the fraction is bounded between 0 and 1.
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Table 3.4 shows the important variables for both models for each anatomy. Although the

highly variable log-file data results in models with low R2 values, the models have significant

predictor variables that provide insights into what affects the KPIs.

For the brain anatomy:

• Young patients (<11 years) increase exam duration by approximately 15 minutes

(∼878 s) and the fraction of repeated exams by 74% relative to the baseline adult

female of normal weight.

• Young patients increase idle time by 72%, and overweight patients increase idle time

by 11%, relative to the baseline.

For the liver anatomy:

• Overweight patients increase all three KPIs: exam duration by 6.5 minutes, idle time

by 14% relative to the baseline, and fraction of repeated exams by 13% relative to the

baseline.

Although potentially more complex predictive models would achieve higher prediction

accuracy, these findings suggest that patient attributes can be used to predict exam duration,

which may help improve exam scheduling by optimizing time slot allocation to increase

throughput and see more patients per day.

3.4 Conclusion

This chapter presents an opportunity for using MRI log files, which have traditionally been

underutilized in radiology. Using a lean methodology, key performance metrics are identified

and used to demonstrate that a quantitative analysis of MRI log files can identify problems

in departmental processes and opportunities for improvement in radiology operations. The

results presented here generalize well to different imaging sites.

Exam cards containing fewer sequences were developed and result in shorter exam du-

rations. Exam cards with high sequence repetition by anatomy were analyzed and revisions
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were identified. Simplification of the brain exam cards reduced exam duration by approxi-

mately seven percent in the first three months after revision. The reduction in exam duration

can be estimated using a GLM with number of scans as the sole predictor variable: Table 3.4

shows that each additional scan increases exam duration by approximately 3 minutes. In

another example not detailed here, a prostate sequence with a high fraction of repetition

was identified and later replaced with a more robust sequence.

This work may also stimulate the redesign of the exam scheduling process. Understand-

ing the variables that affect exam duration and the other KPIs may better define scheduling

slots for different anatomies after accounting for exam and patient characteristics such as

contrast application, gender, weight, and age. Figure 3.5 shows that the 75th percentile

of historical exam duration generally lies within the standard scheduling slot. However, as

changes to exams are made that lengthen the duration, the schedule should be revisited

(Figure 3.6).

This study demonstrates that historically underutilized MRI log files contain rich exam

information that may be used to facilitate operational improvements. The application of

lean analysis, KPI development, exam card modification, and GLM-based patient charac-

teristic modeling provides a replicable methodology for future researchers wishing to extract

actionable insights from MRI log files at their own institutions.
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Figure 3.5: Comparison between exam duration and schedule duration. The average sched-
uled time (denoted by the dot) is longer than the average duration of the MRI.

Figure 3.6: Comparison between exam duration and schedule duration (denoted by the
dot) for prostate exams. Although the sequence changes lengthened exam durations, the
schedule slots were not updated.
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Chapter 4

EHR DATA CHARACTERIZATION AND CLINICAL TEXT
ANALYSIS FOR MRI DURATION PREDICTION

4.1 Introduction

Data-informed workflow improvement in complex clinical environments depends critically on

the accuracy, completeness, and interpretability of the underlying data. In high-throughput

radiology departments where decisions such as exam scheduling, resource allocation, and

staffing are made continuously under uncertainty, the ability to extract reliable insights from

routinely-collected data is essential, as it provides the basis and rationale for improvement

activities. However, in most cases, clinical data is collected without premeditated analytical

purposes. Instead, it is often generated as a byproduct of operational and clinical workflows,

across multiple systems with different data models, collection methodologies, and levels of

granularity.

This chapter presents a comprehensive exploratory data analysis (EDA) of MRI exam

data from two complementary sources: modality log files (MLFs) generated by MRI scanners

and electronic health records (EHRs) maintained in the clinical information system. MLFs

provide precise, machine-generated timestamps and exam-level operational details, whereas

EHRs provide patient demographic and clinical information that contextualize each exam.

The two sources together offer a richer basis for data-driven scheduling improvement than

either alone.

The analysis serves three purposes. First, it characterizes the distributional proper-

ties of key variables, particularly exam duration, which exhibits substantial skewness and

procedure-level variability with direct implications for modeling and statistical analysis. Sec-

ond, it examines relationships between patient and exam-level characteristics and duration,

providing empirical grounding for feature selection decisions in subsequent chapters. Third,

it investigates the predictive content of unstructured clinical text through a BERT-based
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regression experiment, assessing whether result narratives carry predictive signal beyond

structured variables alone.

Several data quality challenges are identified through this analysis, including missing-

ness, distributional irregularities, and discrepancies attributable to differences in how each

system records exam duration. These observations motivate the concordance-based data

quality assessment and cleaning methodology presented in the following chapter. All analy-

ses in this chapter were performed on data extracted across two campuses of the University

of Washington Medical Center, a large academic medical center located in the Pacific North-

west, USA.

4.2 Dataset Overview

The following subsections describe the study setting and the two data sources from which

these data were obtained.

4.2.1 Study Setting

Data for this study were obtained from two campuses of the University of Washington

Medical Center (UWMC): UWMC-Montlake, a quaternary care academic medical center

equipped with four MRI scanners, and UWMC-Northwest, a community hospital equipped

with two MRI scanners. The two sites differ in case mix, patient acuity, and operational

workflows, thereby introducing heterogeneity that strengthens the generalizability of the

findings.

4.2.2 Data Sources

Electronic Health Records

A total of 56,578 EHRs were extracted from Epic1, the clinical information system used at

both UWMC campuses, covering the period from February 2022 through February 2024.

In contrast to MLFs, EHRs are populated in part through manual entry by clinical staff,

introducing potential for data entry variability and inaccuracy. However, EHRs provide

1https://www.epic.com/
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patient-specific information that is absent from MLFs, including demographic characteris-

tics, clinical context, and procedure-level details. The key EHR variables used in this study

are summarized in Table 4.1.

Table 4.1: Key variables in the EHR data

Category Variables

Patient demographics Age, gender, race, height, weight

Exam information Exam duration, procedure code, radiology subspecialty

group, patient status, order priority

Clinical notes Result narrative (clinical indication and findings)

Modality Log Files

MLFs are records automatically generated by MRI scanners that capture events, actions,

and operational details during imaging acquisition. In this study, MLFs are accessed through

Philips OneSpace2, newly deployed at the time of study, an integrated operational dash-

board that extracts and consolidates scanner-generated data across the enterprise. While

the underlying log data are generated automatically by scanner hardware, Philips OneS-

pace introduces an additional layer of extraction and processing that, as a newly deployed

system, may introduce artifacts or inconsistencies not present in the raw scanner output.

Consequently, MLF-derived duration measures are not treated as unambiguous ground truth

in this study; rather, their reliability is assessed through concordance analysis with EHR-

recorded durations, as described in the following chapter.

MLF data spanning January 2022 through July 2025 were extracted from both campuses,

resulting in a total of 90,747 records. Each record corresponds to a single exam and includes

the variables summarized in Table 4.2. Notably, the MLFs decompose total exam duration

into three constituent components: preparation time, scan series duration, and finalization

time, enabling a more detailed characterization of the exam workflow than total duration

2https://www.usa.philips.com/healthcare/service/onespace-insights
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alone. Despite their automated origin, MLFs lack patient-specific information due to patient

privacy compliance requirements and the separation of medical information systems.

Table 4.2: Variables in the MLF data

Variable Description

Hospital Asset ID Campus identifier (UWMC-Montlake or UWMC-Northwest)

EquipmentNumber Unique scanner identifier

StudyID Exam-level identifier

StudyType Anatomical focus of the exam

StudyStartDateTime Exam start timestamp

StudyEndDateTime Exam end timestamp

ProtocolName Imaging protocol used

StudyDuration Seconds Total exam duration

PreparationDuration Seconds Time elapsed during exam preparation

ScanSeriesDuration Seconds Time elapsed during active scanning

FinalizationDuration Seconds Time elapsed during exam finalization

4.2.3 Study Scope

The two data sources are complementary by design—MLFs provide objective, machine-

generated operational data with fine temporal granularity, whereas EHRs provide clinical

and patient context essential for understanding the factors that drive variability in exam

duration. Neither source alone is sufficient for a comprehensive analysis: MLFs lack patient-

level information, and EHR duration data is subject to manual-entry inconsistencies. In-

tegrating the two sources, therefore, requires careful attention to data quality, a challenge

addressed in detail in the following chapter.

In this study, EHR data were obtained first and served as the primary basis for the

exploratory analysis presented in this chapter. MLF data were obtained subsequently and

cover a broader time window (January 2022–July 2025); however, the data integration and
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predictive modeling presented in the following chapter are restricted to the overlapping

period of February 2022 through February 2024, during which both data sources are avail-

able. This ensures that the merged dataset used for concordance assessment and duration

prediction reflects a consistent observation window across both sources. 1

4.3 Data Preprocessing

4.3.1 Exclusion Criteria

As discussed in previous sections, both data sources are likely to include records that reflect

data entry errors, workflow anomalies, or insufficient sample sizes required for meaningful

analysis. Therefore, these records were excluded in our analysis.

For both datasets, exams with durations of 0 minutes or greater than 300 minutes were

removed, as such values are likely attributable to data entry errors, workflow nuances (e.g.,

scout scans and unclosed studies), or implausible exam lengths. In the MLF data, study

types with fewer than 20 occurrences were additionally excluded to ensure sufficient sample

size and generalizability. In the EHR data, procedure codes with fewer than 400 records

over the study period were excluded from downstream modeling analyses to ensure stable

parameter estimation.

As the EHR data were obtained first and contain richer patient and clinical information,

the exploratory analyses presented in the remainder of this chapter focus primarily on the

EHR dataset. The MLF data are incorporated in the next chapter, where the two sources

are integrated for concordance assessment and predictive modeling.

4.3.2 Linked Exam Identification and Removal

An additional data quality issue specific to the EHR data is the presence of linked exams,

which are instances where two or more exams with different procedure codes for the same

patient share identical exam start times and often identical or near-identical end times.

This occurs when technologists initiate and close multiple exams for the same patient si-

multaneously, recording identical or extremely close (±2 minutes) exam durations across all

linked procedures rather than logging each exam independently. While this practice helps
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technologists streamline administrative activities and focus on imaging acquisition, linked

exams do not reflect independent duration measurements and would introduce bias into any

analysis that treats each record as a distinct exam. All records within an identified linked

exam group were excluded from the dataset, including the record with the longest duration,

as it likely reflects the combined duration of multiple procedures rather than a single exam.

Linked exams were identified by matching on patient identifier and exam start time.

Table 4.3 summarizes the filtering steps and resulting record counts for the EHR dataset.

Corresponding results for the MLF dataset are reported in Chapter 5, where the two sources

are integrated for concordance assessment and predictive modeling.

Table 4.3: EHR record counts at each filtering step

Filtering Step Records Remaining

Raw extraction 56,578

Remove duration = 0 or > 300 min 53,475

Remove linked exams 43,946

Remove procedure codes with < 400 records 33,566

4.3.3 Missing Data

Missing data in the EHR dataset were limited to three variables. Figure 6.1 presents the

missingness matrix for the EHR dataset, sorted by exam start time, where white streaks

indicate missing values and dark cells indicate observed values.

Height and Weight each had a missingness rate of 17.05%, with both variables missing

for the same records, suggesting that such data were not recorded for a subset of patients.

SupportStaff exhibited a substantially higher missingness rate of 67.84%, resulting from the

fact that support staff are not required for most exams. Given this high rate of missingness,

SupportStaff was excluded from predictive modeling analyses. All remaining variables were

fully observed, with no missing values. Missing Height and Weight values were imputed

using the median prior to modeling.
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Figure 4.1: Missingness matrix of the EHR dataset sorted by exam start time.

4.3.4 Derived Variables

Two variables, namely contrast use and time of day, were derived from existing fields to

capture factors potentially associated with exam duration variability.

Contrast Use: Contrast use was derived primarily from the Procedure field, where

procedure names were parsed to extract contrast-related nomenclature, resulting in four

categories: without contrast (WO), with and without contrast (WW), with contrast (W),

and Other. For records where the Procedure field did not yield a clear contrast classification

(i.e., categorized as “Other”), the ResultNarrative field was searched for contrast-related

keywords to assign a category. The classification rules applied to the result narrative were

as follows:

• WO: narrative contains “without contrast” but no mention of “with contrast”, “post-

contrast”, or “post contrast”

• WW: narrative contains “without contrast” AND at least one of “with contrast”,

“post-contrast”, or “post contrast”
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• W: narrative contains “with contrast”, “post-contrast”, or “post contrast”, but no

mention of “without contrast”

• ARTH: narrative contains “arthrogram”, indicating intra-articular contrast admin-

istration without intravenous contrast

Records for which neither the Procedure field nor the ResultNarrative field yielded a con-

trast classification were retained as “Other”. This two-step approach ensured that contrast

classification was as complete as possible while leveraging the more structured Procedure

field as the primary source of information.

Time of Day: A time of day variable was derived from the ExamStart timestamp.

Exams were classified into three categories based on the hour of the exam start time: AM

(6:00–12:00), PM (12:00–18:00), and NIGHT (before 6:00 or after 18:00). This variable was

included to capture potential workflow-related variation in exam duration across different

periods of the scheduling day.

4.4 Exam Duration Analysis

Exam duration is the primary outcome variable of interest in this study; its distributional

properties and sources of variability are examined in the following subsections.

4.4.1 Overall Duration Distribution

Figure 4.2 shows the distribution of MRI exam durations across the entire EHR dataset after

preprocessing. Exam durations ranged from 1 to 295 minutes, with a mean of 40.4 minutes

(SD = 24.5) and a median of 34 minutes. The distribution shows strong positive skewness

(skewness = 2.23) and high kurtosis (kurtosis = 10.10), suggesting a leptokurtic distribution

with a heavy right tail. As seen in Figure 4.2, the majority of exams were completed

within 50 minutes, while a smaller proportion of exams extended beyond 100 minutes,

which were likely due to complex multi-sequence protocols or procedures requiring additional

preparation time. The non-normality of exam duration data has direct implications for

downstream statistical analysis, as methods assuming normality are not appropriate without

transformation.
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Figure 4.2: Distribution of MRI exam durations across the EHR dataset (n = 33,566). The
distribution exhibits strong positive skewness and a heavy right tail.

4.4.2 Duration Variability by Procedure Code

Figure 4.3 presents the distribution of exam durations for the 21 procedure codes, ordered

by median duration and color-coded by subspecialty. Median durations ranged from 22 min-

utes (MBRASTROKE) to 77 minutes (MMSBRAIN), highlighting the substantial variation

in protocol complexity across procedure types. Within-procedure variability also differed

considerably: MMSBRAIN exhibited the highest variability (SD = 39.4 minutes), followed

by MSPCTLWW (SD = 30.5 minutes), while knee procedures (MKNEWOL, MKNEWOR)

showed comparatively tighter distributions (SD ≈ 14 minutes). Outliers were present across

nearly all procedure codes, with MBRAWW exhibiting a particularly large number due to

its high record count (n = 8,524). These findings suggest that procedure code alone is

insufficient to fully characterize exam duration variability, and that additional patient and

exam-level factors may contribute meaningfully to prediction.
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Figure 4.3: Distribution of MRI exam durations by procedure code (n = 33,566), ordered
by median duration and color-coded by subspecialty.

4.4.3 Duration by Subspecialty and Site

Figure 4.4 presents exam duration distributions aggregated by subspecialty group. CAR-

DIO exhibited the highest median duration (median = 68.5 minutes), consistent with the

complexity of cardiac MRI protocols, while NEURO and MSK showed the lowest median

durations (median = 30 and 32 minutes, respectively). NEURO accounted for the largest

proportion of exams (n = 24,660; 73.5% of the dataset), and consequently exhibited the

greatest number of outliers. BODY and BREAST showed intermediate durations with

moderate variability.
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Figure 4.4: Distribution of MRI exam durations by subspecialty group, ordered by median
duration.

Regarding site differences, UWMC-Montlake accounted for 65.9% of records (n = 22,110)

and UWMC-Northwest for 34.1% (n = 11,456), consistent with the difference in scanner

capacity between the two campuses. Differences in case mix between sites are expected given

their distinct clinical roles: UWMC-Montlake as a quaternary care center and UWMC-

Northwest as a community hospital. This is further explored in the bivariate analysis

presented in Section 4.6.

4.5 Patient and Exam Characteristics

The following subsections present the patient demographic and exam-level characteristics

of the EHR dataset. A summary of the characteristics is shown in Table 4.4 and Figure 4.5.

4.5.1 Patient Demographics

The study population had a mean age of 55.6 years (SD = 17.7), with a median of 58 years

(IQR: 41–70), showing the predominantly adult patient population at both campuses. Ages

ranged from 0 to 103 years, with the minimum value likely representing a neonate or a
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data entry anomaly. The sex distribution was approximately balanced, with 52.6% female

and 46.2% male patients; 1.2% of records had unknown sex. With respect to race, White

patients comprised the majority of the dataset (75.6%), followed by Other (10.0%), Asian

(9.1%), and Black or African-American (5.3%).

4.5.2 Exam-Level Variables

The majority of exams were outpatient (76.2%), with inpatient and emergency exams com-

prising 15.6% and 8.3% of records, respectively. Most exams were classified as routine pri-

ority (76.4%), with STAT and urgent orders accounting for 16.2% and 7.4% of the records,

respectively. The parallel distributions of patient status and order priority suggest a strong

association between the two variables—most routine orders correspond to outpatient visits,

and most STAT orders to inpatient or emergency settings.

Regarding contrast use, the majority of exams included both pre- and post-contrast

imaging (WW: 60.8%), followed by exams without contrast (WO: 32.7%). Exams with

contrast only (W) and arthrogram procedures (ARTH) were rare, comprising 2.9% and

less than 0.1% of records in the preprocessed data, respectively. Records for which contrast

classification could not be determined from either the Procedure field or the ResultNarrative

accounted for 3.7% of the dataset and were retained as “Other”.

Regarding time of day, approximately half of all exams were scheduled in the AM period

(49.4%), with PM exams accounting for 37.4% and night exams for 13.2%, which reflects

the natural variation in staffing levels across different periods of the day.

4.6 Bivariate Analysis

Figure 4.6 presents the relationship between exam duration and key patient and exam-level

variables.

Patient Status and Order Priority Emergency exams had the shortest median du-

ration (26.5 minutes), followed by inpatient (33.0 minutes) and outpatient (36.0 minutes).

A similar pattern was also observed for order priority, where STAT orders had the short-

est median duration (29.5 minutes), compared to urgent (34.0 minutes) and routine orders
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Table 4.4: Summary of patient and exam characteristics (n = 33,566)

Variable Category n %

Age (years) Mean (SD) 55.6 (17.7)

Median [IQR] 58 [41–70]

Range 0–103

Legal Sex Female 17,645 52.6

Male 15,509 46.2

Unknown 412 1.2

Race White 25,385 75.6

Other 3,345 10.0

Asian 3,053 9.1

Black or African-American 1,783 5.3

Patient Status Outpatient 25,560 76.2

Inpatient 5,222 15.6

Emergency 2,784 8.3

Order Priority Routine 25,642 76.4

STAT 5,434 16.2

Urgent 2,490 7.4

Contrast Use WW 20,411 60.8

WO 10,959 32.7

Other 1,236 3.7

W 959 2.9

ARTH 1 <0.1

Time of Day AM (06:00–12:00) 16,573 49.4

PM (12:00–18:00) 12,555 37.4

Night (<06:00 or >18:00) 4,438 13.2
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Figure 4.5: Distribution of patient and exam characteristics across the EHR dataset (n =
33,566).

Figure 4.6: Exam duration by patient and exam characteristics.
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(36.0 minutes). These findings are consistent with the focused nature of urgent and emer-

gency imaging, where exams are typically limited to specific clinical questions rather than

comprehensive multi-sequence protocols.

Contrast Use Contrast use showed a strong association with exam duration. Exams

with contrast only (W) had the highest median duration (68.0 minutes), followed by Other

(51.0 minutes), WW (35.0 minutes), ARTH (n=1, excluded from comparison), and WO

(30.0 minutes). The substantially longer duration of W exams likely reflects the additional

time required for intravenous contrast administration and post-contrast imaging sequences.

These findings suggest that contrast use is an important predictor of exam duration and

should be included in predictive modeling.

Time of Day Night exams had the shortest median duration (29.0 minutes) compared to

AM and PM exams (both 35.0 minutes). One possible explanation for this is that during

overnight hours, the case mix shifts toward emergency and urgent exams, which tend to be

shorter and more focused than routine outpatient exams.

Site UWMC-Northwest exhibited a slightly higher median duration (37.0 minutes) com-

pared to UWMC-Montlake (33.0 minutes). While the difference is modest, it may reflect

differences in case mix and technologist expertise level between the quaternary care and

community hospital settings, with UWMC-Northwest serving a higher proportion of proce-

dures with longer median durations.

Age Age showed no meaningful association with exam duration (r = −0.02), suggesting

that patient age is not a useful predictor of MRI exam duration in this dataset.

4.7 Clinical Notes Analysis

Beyond structured variables, the EHR dataset contains unstructured clinical text in the

form of radiology result narratives. These reports are generated by radiologists following

each exam and typically consist of five sections: Examination, Clinical Indication, Tech-

nique, Comparison, and Findings. While most sections are produced after the exam is
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completed, the Clinical Indication section is derived from the referring clinician’s order and

is therefore available prior to the exam. This distinction is important for predictive mod-

eling: only information available at scheduling time can be used without introducing data

leakage. Accordingly, the predictive analysis presented in Section 4.7.2 uses Clinical Indi-

cation exclusively, as it captures the clinical context and complexity of the requested exam

without introducing data leakage from post-exam information.

4.7.1 Characterization of Result Narratives

An example of a typical result narrative is presented below.

EXAMINATION: MRI BRAIN W/O CONTRAST

CLINICAL INDICATION: Significant cognitive decline in the past 6 months,

concern for dementia, metastatic prostate cancer

TECHNIQUE: MRI Head without contrast: Memory E (B 1t). Non-contrast:

Sagittal T1. Axial T1, T2, FLAIR, DWI, T2*, pcASL. Coronal 3D T1. Volu-

metric hippocampal and ventricular volume calculations were performed on an

independent workstation.

COMPARISON: MR brain with and without contrast [prior date]. CTA head

and neck [prior date].

FINDINGS: MASS EFFECT & VENTRICLES: No significant midline shift.

There is parenchymal volume loss with commensurate expansion of the ventricles

and extra-axial/subarachnoid spaces.[remaining findings omitted for brevity]

The Clinical Indication in this example—“significant cognitive decline in the past 6

months, concern for dementia, metastatic prostate cancer”—illustrates the kind of clinical

complexity cues that may not be fully captured by the procedure code alone. A patient pre-

senting with multiple comorbidities and concern for dementia may require a more complex

protocol than a straightforward brain MRI, potentially resulting in a longer exam duration.
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4.7.2 BERT-Based Duration Prediction

To assess whether unstructured clinical text contains predictive information for exam dura-

tion, a regression model was developed using the Clinical Indication field in the EHR data

as the sole input. As noted above, Clinical Indication is available prior to the exam, making

it a legitimate input for exam duration prediction without introducing data leakage from

post-exam information.

Clinical Indication Embedding

Clinical Indication text was encoded using BioClinicalBERT [65], a domain-specific BERT

model [66], which was pre-trained on clinical notes from MIMIC-III. Tokenization was per-

formed using the corresponding tokenizer, with sequences truncated or padded to a maxi-

mum length of 512 tokens, as imposed by the BioClinicalBERT architecture. The maximum

observed token length in the dataset was 828 tokens; truncation to 512 tokens may have

resulted in the loss of some clinical information for longer notes, which is acknowledged as

a limitation of this analysis. Sentence-level embeddings were generated by averaging the

second-to-last hidden layer across all tokens, yielding a 768-dimensional embedding vector

for each exam [66].

Predictive Model

A multilayer perceptron (MLP) regressor was trained on the BioClinicalBERT embeddings

to predict exam duration. An MLP regressor was chosen for its ability to capture non-

linear relationships between the high-dimensional BioClinicalBERT embeddings and exam

duration, a task for which linear models are likely insufficient given the complexity of clinical

language representations. As a preliminary experiment, the analysis was restricted to exams

with durations between the 15th and 85th percentiles of the duration distribution, focusing

on the typical range of exam lengths and reducing the influence of extreme values. The

dataset was split into training (80%) and test (20%) sets. Hyperparameters were tuned

using 5-fold cross-validation with grid search, yielding an optimal architecture of a single

hidden layer with 64 units, tanh activation, Adam optimizer, and a regularization parameter
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(α) of 0.003.

Results

Table 4.5 presents the model performance on the training and test sets, and Table 4.6

presents the average RMSE by procedure code on the test set.

Table 4.5: BioClinicalBERT + MLP model performance

Set MAE (min) RMSE (min) R2

Train 6.34 8.20 0.621

Test 8.12 11.03 0.331

The model achieved a test R2 of 0.331, indicating that Clinical Indication text alone

explains approximately one-third of the variance in exam duration within the typical du-

ration range. The gap between training (R2 = 0.621) and test performance (R2 = 0.331)

suggests moderate overfitting, likely attributable to the limited discriminative capacity of

short clinical indication phrases relative to the high-dimensional embedding space.

Procedure-level RMSE varied considerably, with MSPCTLWW exhibiting substantially

higher error (31.4 minutes) than all other procedure codes, consistent with the inherently

high variability of this procedure (SD = 30.5 minutes, as noted in Section 4.4.2). Procedures

with lower intrinsic variability, such as MKNEWOL and MKNEWOR (SD ≈ 14 minutes),

showed correspondingly lower RMSE values (5.5–5.6 minutes).

These findings suggest that unstructured clinical indication text carries meaningful but

limited predictive signal for exam duration. The modest R2 of 0.331 is nonetheless note-

worthy given that the model relies solely on free-text clinical context, without access to

any structured variables. A combined model incorporating both structured features and

text-derived embeddings would potentially improve predictive performance and represents

a promising direction for future work.
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Table 4.6: Average RMSE by procedure code (test set)

Procedure Code RMSE (minutes)

MSPCTLWW 31.40

MCARWC 12.12

MSPCWO 9.57

MBRAWO 8.99

MPELGIGUWW 8.69

MABDWW 8.41

MSPLWO 8.26

MBRASTROKE 7.82

MOFNWW 7.04

MBRAWW 7.02

MBRTUMOR 6.28

MPROSTATE 6.24

MKNEWOL 5.57

MKNEWOR 5.49

4.8 Summary

This chapter presented an exploratory data analysis of MRI exam data obtained from

two complementary sources—modality log files and electronic health records—across two

campuses of the University of Washington Medical Center. Several data quality issues were

identified during preprocessing, including the presence of linked exams, in which multiple

procedure codes were recorded with identical start times for the same patient, and moderate

missingness in anthropometric variables (Height and Weight: 17.1%) and support staff

information (SupportStaff: 67.8%). These issues were addressed through targeted exclusion

criteria and median imputation prior to analysis.

Exam duration exhibited strong positive skewness (skewness = 2.23) and excess kur-

tosis (kurtosis = 10.10), with a median of 34 minutes and considerable variability across
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procedure codes (median range: 22–77 minutes). Procedure code emerged as the strongest

determinant of exam duration, with subspecialty group providing additional stratification.

Among patient and exam-level characteristics, contrast use showed the most meaningful

association with duration, with contrast-only exams (W) having a median duration more

than twice that of exams without contrast (WO). Emergency and STAT exams were shorter

than outpatient and routine exams, which likely results from the focused nature of urgent

imaging protocols. Surprisingly, age showed no meaningful association with exam duration

(r = −0.02).

A preliminary investigation of the predictive content of unstructured clinical indication

text using BioClinicalBERT embeddings and an MLP regressor yielded a test R2 of 0.331,

demonstrating that free-text clinical context encodes meaningful information about clinical

context and complexity that complements the structured variables examined in this chapter.

The train/test performance gap (R2 = 0.621 vs. 0.331) suggests that further refinement of

the text-based modeling approach would be beneficial, and a combined model incorporating

both structured features and text-derived embeddings represents a promising direction for

future work.

Together, the distributional characteristics and data quality challenges identified in this

chapter provide the necessary context for the concordance-based data integration and pre-

dictive modeling methodology presented in the following chapter.
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Chapter 5

A BETTER WAY TO SCHEDULE: DATA RECONCILIATION AND
PREDICTIVE MODELING FOR MRI EXAM DURATION

This chapter is based on: Li, L.1, Mastrangelo, C.1, Mossa-Basha, M.2,3, Mabotuwana,

T.4, “Concordance-based validation of electronic health records and modality log files to

improve MRI exam duration prediction and scheduling performance,” Journal of Imaging

Informatics in Medicine, provisionally accepted pending revision.

Chapter Summary5

The objectives of this chapter are to evaluate inter-system concordance between MRI exam

duration data derived from modality log files (MLFs) and electronic health records (EHRs),

develop a concordance-based data quality assessment framework, and assess the impact of

this framework on the performance of predictive models for MRI exam duration.

Exam duration data from February 2022 through February 2024 were extracted from

MLFs and EHRs. After fuzzy merging, concordance was assessed using Bland–Altman

analysis and the concordance correlation coefficient (CCC). A concordance-based outlier

removal threshold was established to improve inter-system agreement. A Random Forest

(RF) regression model was then trained on the cleaned data and evaluated against template-

based scheduling.

We extracted 52,112 records from MLFs and 46,570 from EHRs. After exclusions and

fuzzy merging, 30,275 records were retained; restricting to procedure codes with ≥400

records yielded 22,737 records, and 16,297 remained after concordance-based outlier re-

1Industrial & Systems Engineering, University of Washington, Seattle, USA

2Department of Radiology, University of Washington, Seattle, USA

3Department of Radiology, University of Alabama at Birmingham, Birmingham, USA

4Philips Healthcare, Bothell, USA

5Adapted from abstract of original article
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moval. Bland–Altman analysis revealed discordance between MLF and EHR duration mea-

surements, with systematic differences attributable to data collection methodology in each

system. Concordance-based filtering improved data quality for downstream analysis. The

Random Forest model outperformed template-based scheduling for 11 of 12 procedure codes,

with mean absolute error reductions ranging from 2.0% to 57.0%. For high-variability pro-

cedures, the proportion of exams completed within ±10 minutes of the scheduled duration

increased from as low as 29% to over 79%.

In conclusion, concordance-based validation is critical when integrating multi-source

healthcare data. Machine learning models trained on validated data substantially improved

MRI scheduling accuracy, particularly for procedures with high intrinsic variability, provid-

ing a scalable framework for data-driven scheduling optimization.

5.1 Introduction

MRI is one of the most frequently used among core imaging modalities in the radiology

department due to its high contrast resolution, 3D capabilities, and ability to monitor

anatomical detail, disease progression, and treatment response. The duration of an MRI

exam can be impacted by factors such as the protocol(s) used, patient attributes, insti-

tutional workflows, staffing, and performing technologist [67]. Historically, recorded MRI

exam durations have exhibited significant variability. In contrast to exam duration variabil-

ity, scheduled exam slots are more deterministic. At the study site, exam slot lengths are

primarily determined by a scheduling template that is maintained and periodically updated,

with default durations assigned based on procedure codes. Here, deterministic means that

once established, the template remains relatively stable; however, templates may vary con-

siderably across institutions and patient settings (e.g., inpatient, outpatient, or emergency).

Schedule adherence refers to the extent to which the actual exam durations align with the

scheduled time slots. High schedule adherence is desirable because it minimizes delays and

idle time, thereby improving workflow efficiency, increasing patient throughput, reducing

wait times, and improving patient experience.

Variability in MRI exam duration is often accommodated by lengthening exam slots dur-

ing scheduling, leading to lower resource utilization and higher exam costs [67]. Typically,
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MRI exams are manually assigned to fixed-length time slots by experienced technologists,

a process that requires considerable time and effort [53]. Given the high variability in exam

durations, a deterministic scheduling approach can lead to low scanner utilization [68], re-

duced patient satisfaction [69], and reduced patient access for timely imaging. A substantial

body of literature has sought to improve MRI scheduling through operations research-based

optimization models, discrete-event simulation, or a combination of both [70–77], and more

recently, digital twins [78]. These methods aim to address key sources of uncertainty, in-

cluding demand, patient arrivals, and exam duration. In most cases, duration is modeled

using probability distributions [76, 78]. However, since optimization is often applied at the

block-scheduling level [79,80], it limits flexibility and adapts poorly to variability in individ-

ual exams. This limitation has spurred another line of research focused on predicting the

duration of individual exams, aiming to improve scheduling adherence at the exam level.

Using log file data to predict exam duration has been studied with a variety of ana-

lytical methods: linear regression [67], generalized linear models [81], feedforward neural

network [82], and random forest [83], among others. However, most prior studies relied on

single-source data and did not systematically assess agreement across clinical information

systems. In operational radiology settings, exam duration may be derived from both EHR

documentation and modality-generated log files, yet discrepancies between these sources are

rarely evaluated before predictive modeling. This study addresses this gap by introducing a

concordance-based validation framework for multi-source MRI duration data and examining

its impact on downstream machine learning performance.

5.2 Methods

5.2.1 Study Setting and Data Sources

This retrospective study was approved by the institutional review board (IRB), and the

requirement for written informed consent was waived. The study site is a large academic

research hospital with multiple campuses, two of which were included in this analysis: one

equipped with 4 MRI scanners (quaternary care medical center) and the other with 2 MRI

scanners (community hospital). Data were obtained from two sources: EHRs [84] and
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MLFs [85]. Records from February 2022 through February 2024 were extracted from MLFs

and EHRs at both sites.

MLFs are records automatically generated by MRI scanners that capture events, actions,

and operational details during imaging exams. In the system used at our institution, the

extracted MLFs include the key variable of exam duration, recorded with exact start and

end timestamps for each sequence, as well as supplementary variables, including scanner ID,

study type (i.e., anatomical focus), and protocol name. Per the MLF system’s User Guide,

exam duration is defined as the time elapsed between the first evidence that the patient is

in the scanner room and the last evidence of patient presence. Evidence is derived from a

combination of events, including patient selection or console closure, table movements, and

other modality-specific actions. While our MLF implementation contains detailed machine-

focused exam information, including executed sequences and event timestamps, it lacks

patient-specific information to meet patient privacy compliance requirements and to pre-

serve the architectural boundary between clinical and operational data systems. Table 5.1

presents key variables from the EHR data used in this study.

Table 5.1: Key variables in EHR data.

Category Variables

Patient demographics Age, Gender, Race, Height, Weight

Exam information Exam duration, Procedure code,

Radiology subspecialty group,

Patient status, Order priority

Clinical notes Result narrative (including clinical

indication and findings)

Exam duration in the EHR is defined similarly to the MLF definition. Both systems

theoretically capture the same interval—the time between a patient entering and exiting the

scanner room. However, whereas MLF durations are recorded automatically via scanner-
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generated events, EHR start and end times are entered manually by the performing tech-

nologist and are therefore subject to human error, including delayed entry, estimation, and

inconsistent documentation practices across technologists [86]. Therefore, it is necessary

to evaluate the exam duration data from both systems relative to one another to ensure

consistency and reliability. To do this, the data from both sources must be merged.

5.2.2 Fuzzy Merge

A typical data merge joins data from different sources based on one or more shared variables,

commonly referred to as keys. Ideally, for this study, the data would be merged using a

unique patient or exam identifier; however, as discussed earlier, such variables were unavail-

able. Consequently, the data were merged using fuzzy merge. Fuzzy merge identifies records

that are likely to correspond to the same entity based on existing or user-defined similarity

measures. By tolerating certain levels of discrepancy between data sources rather than pur-

suing a perfect, deterministic match, fuzzy merge allows the integration of heterogeneous

data with a relatively high degree of accuracy.

The fuzzy merge methodology was developed through close examination of variables

in both datasets and input from subject matter experts. Records were matched based

on scanner and subspecialty group, with temporal overlap used to validate matches. The

underlying rationale is that the likelihood of two distinct exams occurring simultaneously on

the same scanner within the same subspecialty group is sufficiently low; therefore, acceptable

temporal overlap combined with concordant scanner and subspecialty information provides

reasonable evidence that records belong to the same exam. When multiple records matched

on scanner and subspecialty group, the record with the largest temporal overlap was selected.

Some necessary data cleaning and preprocessing were performed prior to the fuzzy merge.

Study type in the MLF data and subspecialty group in the EHR data both represent the

anatomical focus of the exam. However, subspecialty group provides a broader classifica-

tion, whereas study type is more specific. Accordingly, each study type was mapped to a

corresponding subspecialty group. There were 63 different study types in the MLF data.

To ensure sufficient sample size and generalizability, study types with fewer than 20 occur-
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rences were excluded. Exams with durations of 0 minutes or greater than 300 minutes were

excluded, as such values are likely due to data entry errors, workflow nuances (e.g., scout

scans and unclosed studies), or implausible exam lengths.

5.2.3 Data Quality Assessment

For generalizability and sufficient sample size, only procedure codes with more than 400

records over the study period were included in subsequent analyses.

Agreement between MLF and EHR exam durations was assessed using Bland–Altman

analysis [87] and the concordance correlation coefficient (CCC) [88–90]. The CCC quan-

tifies agreement by combining measures of correlation and mean bias. The Bland–Altman

method requires differences between measurements to be normally distributed [91]; because

the original data followed a leptokurtic distribution, a logarithmic transformation was ap-

plied [92]. Note that, on a log scale, the difference between two values corresponds to their

ratio. Limits of agreement (LoA) were calculated as d̄±1.96s, where d̄ is the mean difference

and s is the standard deviation of the differences. The LoAs were back-transformed to the

original scale for clinical interpretability [93].

Outlier removal was based on inter-source concordance rather than absolute thresholds.

Elimination thresholds were defined as multiples of the mean exam duration, with the final

threshold selected to balance data retention with acceptable concordance levels.

5.2.4 Predictive Modeling

Currently, exam slot lengths are primarily determined by a scheduling template that assigns

default durations based on procedure codes. These slots may be adjusted to accommodate

patient-specific needs, such as mobility limitations or the requirement for anesthesia. To

evaluate whether a data-driven approach could improve upon template-based scheduling,

a Random Forest regression model 6 was developed to predict exam duration. Procedure

codes without a default duration in the scheduling template were excluded from the mod-

6Random Forest was selected because it handles mixed feature types and non-linear interactions natu-
rally, requires minimal distributional assumptions, and has demonstrated strong performance for tabular
healthcare data in prior work.
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eling dataset, as the primary performance metric requires a template-based baseline for

comparison.

Data were split into training (80%) and validation (20%) sets. Numerical variables were

imputed using the median and then standardized, while categorical variables were one-

hot encoded. Procedure-specific outliers were removed using the interquartile range (IQR)

method, excluding durations below Q1 − 1.5 × IQR or above Q3 + 1.5 × IQR, a standard

preprocessing measure to prevent extreme MLF duration values from disproportionately

influencing model training. This preprocessing step is distinct from the concordance-based

outlier removal described in Section 5.2.3, which addresses inter-system data quality prior

to any modeling decisions, rather than procedure-level extreme values within the modeling

pipeline. Additional variables, including contrast use and time of day, were derived to cap-

ture factors potentially influencing exam duration. Contrast use was derived as a categor-

ical variable from the procedure name and result narrative, with four categories: without

contrast (WO), with contrast (W), without and with contrast (WW), and arthrography

(ARTH). Time of day was derived as a categorical variable from the exam start time, with

three categories: AM (06:00–12:00), PM (12:00–18:00), and night (all other hours). Model

hyperparameters were tuned using randomized search with 5-fold cross-validation over 50

randomly sampled combinations, optimizing for mean absolute error. The final model used

the following hyperparameters: n estimators = 500, max depth = 15, min samples split =

15, min samples leaf = 2, and max features = None. Model performance was evaluated

against the current template-based scheduling approach using mean absolute error (MAE)

and the proportion of predictions within ±5 and ±10 minutes of actual duration. Predicted

durations were rounded to the nearest 5- or 10-minute interval for scheduling practicality.

All analyses were performed using Python (version 3.12) with scikit-learn (version 1.6.1).

5.3 Results

5.3.1 Fuzzy Merge Results

A total of 52,112 records were extracted from MLFs and 46,570 from EHRs. After applying

exclusion criteria, 51,902 and 43,937 records remained in the MLF and EHR datasets, re-



69

spectively. Using the fuzzy merge methodology, 30,275 exam records were identified in the

merged dataset, achieving a match rate of 69% with respect to the EHR data and 58% with

respect to the MLF data. Among the 30,275 matched pairs, the median temporal overlap

was 0.659 (mean 0.608), with 69.0% of matches achieving an overlap greater than 0.50 and

36.1% exceeding 0.75. Samples of both matched and unmatched records were manually in-

spected to verify the validity of the matching criteria. Matched records with lower temporal

overlap values were found to be consistent with genuine matches based on concordant scan-

ner identity, procedure code, and general time window, while unmatched records most likely

resulted from operational factors such as scout scans, research or quality assurance stud-

ies, and mid-workflow scanner reassignments. Table 5.2 summarizes the number of records

retained at each stage of the data processing pipeline, along with the rationale for each ex-

clusion. Figure 5.1 plots exam durations recorded in the EHR against those in the MLF for

all 30,275 fuzzy-merged exam pairs. Figure 5.2 presents the distribution of exam duration

differences (∆ = EHR duration − MLF duration) across all fuzzy-merged pairs, illustrat-

ing the inter-system discordance that motivated the concordance-based filtering framework

described in Section 5.2.3.

Figure 5.1: EHR durations vs. MLF durations for fuzzy-merged exams.
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Table 5.2: Data attrition across processing stages

Stage MLF Records EHR Records Reason for Exclusion

Initial extraction 52,112 46,570 —

After exclusion criteria 51,902 43,937 Durations of 0 or >300 min;

study types with <20 occur-

rences

After fuzzy merge 30,275 30,275 Unmatched records

(no concordant scan-

ner/subspecialty/temporal

overlap)

After procedure code

frequency filter

22,737 22,737 Procedure codes with <400

records over study period

After concordance-

based outlier removal

16,297 16,297 Inter-system duration discor-

dance exceeding thresholds

After template exclu-

sion (for modeling)

14,159 — Procedure codes without a de-

fault duration in the schedul-

ing template excluded from

modeling dataset

After IQR-based outlier

removal (for modeling)

13,503 — Procedure-level MLF dura-

tion outliers removed prior to

RF model training

Note: Record counts from the fuzzy merge stage onward reflect the merged dataset. The “—”

in the EHR Records column from the template exclusion stage onward indicates that record

counts are tracked by MLF records only, as MLF exam duration serves as the model target

variable; EHR-derived variables continue to serve as model features. IQR-based outlier removal

was applied to MLF exam durations within the training set only as part of the modeling pipeline

and did not affect the concordance analysis reported in Section 5.3.2.
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Figure 5.2: Distribution of exam duration differences (∆ = EHR duration − MLF duration)
across all 30,275 fuzzy-matched exam pairs.

5.3.2 Data Quality and Agreement Analysis

Of the 30,275 merged records, 22,737 exams remained after limiting analysis to procedure

codes with more than 400 records. Figure 5.3(a) shows the differences between exam du-

rations in MLFs and EHRs on the log scale plotted against the mean exam duration. The

LoAs were back-transformed to the original scale for clinical interpretability [93], as shown

in Figure 5.3(b).

The Bland–Altman analysis demonstrated magnitude-dependent disagreement between

systems. Differences increased proportionally with exam duration, resulting in heteroscedas-

tic dispersion and wide limits of agreement on the original scale. This pattern suggests

systematic measurement differences related to exam duration rather than purely random

error. The absolute differences tended to increase with longer mean durations; however,

the differences appear roughly proportional to the mean. Points beyond LoAs appeared

more densely clustered around shorter mean durations, whereas relatively fewer such points

are observed for longer mean durations. This partly supports the notion that, although

prolonged exams (>120 mins) are uncommon, both the MLF and EHR capture them with
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Figure 5.3: (a) Bland–Altman plot of the log-transformed data. (Note: The “banding”
pattern results from discretization of exam durations.) (b) Bland–Altman plot on the
original scale with back-transformed LoAs.

fair agreement when they do occur.

The CCC of exam durations in both datasets was 0.3321 (95% CI: 0.3205–0.3436). Ap-

plying the concordance-based elimination thresholds (Figure 5.3(b)) retained 16,297 records

(72%) and improved the CCC to 0.8681 (95% CI: 0.8642–0.8718), exceeding commonly cited

thresholds for strong agreement (>0.80) [94–96]. Table 5.3 presents the CCC before and

after concordance-based outlier removal for each of the 17 procedure codes meeting the

frequency threshold. This substantial improvement supports the use of inter-system con-

cordance as a defensible criterion for data validation prior to predictive modeling.

5.3.3 Template-Based Scheduling Performance

Figure 5.4 presents the difference between actual and scheduled exam durations by procedure

code (∆schedule = actual duration − scheduled duration). A positive value of ∆schedule

indicates that the actual exam duration exceeded the scheduled slot, whereas a negative

value indicates that the exam was completed in less time than scheduled. The red vertical

line at zero indicates perfect schedule adherence.

Figure 5.4 shows that using template-based scheduling, schedule adherence is subopti-

mal. For certain procedure codes (e.g., MSPLWW, MPROSTATE, MMSBRAIN), at least
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Table 5.3: Per-procedure concordance correlation coefficient (CCC) before and after
concordance-based outlier removal

Procedure N CCC 95% CI N CCC 95% CI

Code (pre) (pre) (pre) (post) (post) (post)

MBRAWW 5,859 0.22 0.19–0.24 4,044 0.84 0.83–0.85

MBRAWO 2,333 0.18 0.15–0.22 1,612 0.85 0.84–0.87

MBRTUMOR 2,310 0.16 0.12–0.20 1,578 0.83 0.82–0.85

MSPLWO 1,951 0.16 0.12–0.21 1,452 0.77 0.75–0.79

MABDWW 1,684 0.24 0.20–0.29 1,302 0.73 0.71–0.76

MBRASTROKE 1,335 0.06 0.00–0.11 850 0.75 0.72–0.78

MSPCWO 1,172 0.17 0.12–0.23 800 0.81 0.78–0.83

MCARWC 916 0.29 0.23–0.34 815 0.65 0.60–0.68

MPROSTATE 795 0.12 0.05–0.19 670 0.55 0.50–0.60

MSPLWW 754 0.35 0.29–0.41 564 0.82 0.80–0.85

MOFNWW 717 0.26 0.19–0.33 527 0.81 0.77–0.83

MKNEWOR 511 0.07 −0.01–0.16 410 0.66 0.60–0.71

MMSBRAIN 505 0.45 0.38–0.52 369 0.90 0.88–0.92

MKNEWOL 484 0.21 0.12–0.29 385 0.67 0.61–0.72

MBRBWWS 523 −0.01 −0.10–0.07 310 0.61 0.53–0.67

MSPCTLWW 474 0.08 −0.01–0.17 307 0.75 0.70–0.80

MABDWO 414 0.32 0.23–0.40 302 0.80 0.75–0.84

Note: Pre = before concordance-based outlier removal (n = 22,737). Post = after

concordance-based outlier removal (n = 16,279). A negative CCC indicates negligible

or inverse agreement; the confidence interval for MBRBWWS crosses zero, indicating

no statistically meaningful agreement prior to filtering. CI = confidence interval.
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Figure 5.4: Schedule adherence represented by ∆schedule. Procedure codes ordered by de-
scending exam count.

75% of exam durations exceeded their scheduled time, whereas for others (e.g., MSPCWO,

MSPLWO), the majority of exams finished earlier than their scheduled time. This indi-

cates that the current scheduling template fails to adequately account for exam duration

variability, leading to under- or overestimated exam slots.

5.3.4 Predictive Model Performance

Table 5.4 presents model performance compared to template-based scheduling across all 12

procedure codes.

The RF model outperformed template-based scheduling for 11 of 12 procedure codes,

with mean absolute error (MAE) reductions ranging from 2.0% to 57.0%. The largest im-

provements were observed for procedures with high baseline variability: MSPCWO (56.96%

reduction, from 15.79 to 6.80 minutes), MKNEWOL (51.77% reduction), and MSPLWO

(48.40% reduction). Only MBRTUMOR showed slightly worse performance (−1.54%),
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though this difference was negligible. The model achieved higher rates of ±10-minute

accuracy for 10 of 12 procedures, with particularly notable gains for MSPCWO (29.07%

to 79.07%) and MSPLWO (43.46% to 81.92%). Notably, for some procedures, such as

MBRAWW, MAE improved, while the ±5 and ±10-minute accuracy rates declined, creat-

ing a seeming contradiction. This is because while MAE reflects the average magnitude of

all errors, the ±5 and ±10-minute metrics are essentially binary indicators. For procedures

like MBRAWW, the model reduced large prediction errors (improving MAE) but increased

the number of predictions falling just outside the threshold ranges, resulting in lower ±5

and ±10-minute accuracy rates despite overall MAE improvement. This reflects different

error distributions between the two approaches rather than contradictory performance.

Figure 5.5 compares the two scheduling approaches (i.e., template-based and model-

based) in terms of schedule adherence. For most procedure codes, the model-based schedul-

ing approach improved schedule adherence compared with the template-based approach by

(1) shifting the distributions closer to the vertical line denoting perfect adherence, and (2) re-

ducing the variability of the differences. This indicates that with the proposed model-based

scheduling approach, a greater proportion of exams would fall within their scheduled time

slots, with reduced variability in the differences between actual and scheduled durations.

5.4 Discussion

This study demonstrated that concordance-based data quality assessment can substantially

improve multi-source healthcare data for predictive modeling. After fuzzy merging MLF and

EHR data and applying concordance-based outlier removal, the CCC improved from 0.33 to

0.87. A Random Forest model trained on this cleaned dataset outperformed template-based

scheduling for 11 of 12 procedure codes, with MAE reductions ranging from 2% to 57%.

MRI log files contain comprehensive exam-level information that can be utilized to im-

prove operational efficiency. However, like most medical data, they can be noisy, incomplete,

and potentially erroneous. Therefore, it is essential to evaluate data quality. Results showed

that shorter exams tended to exhibit greater variability and lower agreement between data

sources. This is partly attributable to the case mix at the study site, where the majority of

MRI exams are relatively short (median duration < 30 minutes). Some subspecialties and
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Figure 5.5: Comparison of template-based scheduling and prediction model-based schedul-
ing.

procedure codes also exhibit greater inherent variability. For example, neuro exams often

show higher variability due to factors such as protocol complexity, patient-related factors,

and case-specific clinical requirements.

Data cleaning is essential in predictive modeling; however, conventional outlier removal

using absolute or percentile-based thresholds may inadvertently eliminate clinically mean-

ingful variability (e.g., removing exam durations above the 90th percentile or below the

10th percentile might eliminate valid data points indicative of interesting underlying fac-

tors or causalities). In multi-source environments, inter-system concordance provides an

alternative validation criterion that preserves atypical but plausible cases while excluding

discordant measurements likely attributable to documentation or system error.

The current template-based scheduling approach performs adequately for certain proce-

dures and, with expert input, can accommodate some variability. However, there is oppor-

tunity to better address the variability observed in other procedures. For some procedures,

such as MSPCWO (cervical spine without contrast) and MSPLWO (lumbar spine without
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contrast), not only did the majority of exams fall outside their scheduled slots, but the

deviations suggested systematic patterns—the current scheduling template systematically

underestimates or overestimates the time required to complete these exams. On days when

such exams predominate, they can considerably disrupt the entire schedule. The predictive

model in this study offers an alternative to the conventional template-based scheduling ap-

proach. Trained using variables from both EHRs (predominantly patient characteristics and

procedure codes) and MLFs (predominantly exam durations), the model improves schedule

adherence for almost all procedure codes studied by allowing more exams to fall within their

scheduled time slots and reducing variability in the differences between actual and scheduled

durations. In practice, improved schedule adherence may reduce downstream cascade de-

lays, decrease technologist rescheduling workload, and increase effective scanner utilization.

For high-volume procedures demonstrating systematic under- or overestimation, even mod-

est per-exam improvements in duration prediction may translate into meaningful aggregate

gains in scanner availability over time. Although prospective validation is required, these

findings suggest potential operational benefits beyond prediction accuracy alone. These

findings are consistent with prior studies demonstrating the utility of machine learning for

MRI duration prediction. Avey et al. [67] identified patient and protocol factors influenc-

ing exam duration variability, while Wang et al. [83] showed that Random Forest models

could reduce scheduling discrepancies. However, most prior work relied on single-source

data. This study extends the literature by addressing data quality challenges inherent in

multi-source data integration and demonstrating that concordance-based cleaning can sub-

stantially improve predictive model performance.

This study has several limitations. First, it was conducted at a single academic health

system using a specific scanner vendor and scheduling infrastructure; results may differ

in community settings, sites with different case mixes, or institutions using alternative

documentation workflows. Second, analyses were limited to high-volume procedure codes

to ensure statistical stability, potentially limiting generalizability to lower-frequency exams.

Third, fuzzy matching without a unique identifier introduces potential misclassification,

although concordance-based filtering was designed to mitigate this risk.

Future research could examine unusual data points in both datasets to identify their
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underlying causes, which may inform workflow standardization and protocol development.

Additionally, prediction accuracy for high-volume, high-variability procedures such as MAB-

DWW and MBRAWW—where only marginal improvements were observed (3.93% and

2.04% MAE reduction, respectively)—may benefit from additional features such as clinical

indication, specific imaging sequences, or more granular procedure classifications. Future

studies could extend this work through prospective validation and implementation studies.

Specifically, integrating prediction outputs into scheduling systems at the time of order entry

would allow dynamic adjustment of exam slot lengths based on patient- and procedure-level

features. Such studies should evaluate real-world effects on scanner utilization, technologist

workload, patient wait times, and schedule stability. Demonstrating operational impact in

live clinical environments will be essential to translate retrospective predictive improvements

into measurable health system value.
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Chapter 6

TOWARD DATA-DRIVEN COMPETENCY MODELING:
EVALUATING LEARNED TEMPORAL REPRESENTATIONS VS.

MANUAL FEATURE ENGINEERING

6.1 Introduction

As discussed in 1.1.1, systematic competency assessment in healthcare has long relied on

subjective instruments including direct observation, global rating forms, and self-reported

evaluations, which are resource-intensive, prone to rater bias, and typically administered at

discrete time points rather than continuously throughout a practitioner’s career. For MRI

technologists specifically, competency manifests across a range of technical and cognitive

demands: selecting and executing appropriate imaging protocols, managing patient-specific

challenges such as implants and claustrophobia, detecting and correcting image artifacts,

and adapting sequences in real time to clinical findings. These competencies are currently

assessed through periodic supervisory review and informal peer feedback, neither of which

provides the granular, longitudinal signal needed to track development trajectories or iden-

tify early indicators of performance gaps. The availability of routinely collected operational

data, including exam durations, protocol selections, and patient encounter records, presents

an opportunity to move beyond episodic assessment toward continuous, data-driven com-

petency monitoring. Additionally, performing technologist has been identified as a signif-

icant factor influencing MRI exam duration variability [67], suggesting that competency-

related differences in procedural efficiency are detectable in routinely collected operational

records—and potentially learnable from them.

The architecture proposed to address this opportunity was a GRU-based “competency

portfolio” model that dynamically learns a representation of each technologist’s competency

state from their longitudinal exam history. At each prediction step, the model would receive

a sequence of the technologist’s most recent exams—each characterized by procedure type,

patient attributes, and contextual variables—and learn to weight historical encounters by
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their relevance to predicting future performance. The GRU’s recurrent hidden state would

serve as a continuously updated competency representation, evolving as new exam expe-

riences accumulated. An attention mechanism over the competency window would allow

the model to selectively focus on the most informative historical encounters, analogous to

how an experienced technologist might weight recent performance more heavily than distant

history while still accounting for formative early experiences.

Preliminary analysis of the available technologist data, however, revealed three fun-

damental challenges that precluded direct evaluation of this architecture on the available

clinical data. The first was a data quantity problem at the individual level: while the ag-

gregate dataset contained a substantial number of exams, the distribution of exams across

technologists and procedure codes was highly uneven, with many technologists contributing

relatively few records. The longitudinal depth required for a recurrent model to learn mean-

ingful competency trajectories was not available for a sufficient number of technologists to

support robust model training and evaluation. The second challenge was more fundamental:

exam duration as a proxy for competency proved too noisy to isolate a meaningful temporal

signal. Unlike domains where output quality is directly and objectively measurable, MRI

exam duration is jointly determined by technologist efficiency and a collection of factors

entirely outside the technologist’s control, including patient characteristics, protocol com-

plexity, contrast requirements, equipment performance, and case mix. Disentangling the

technologist’s contribution from these confounds would require either experimental control

over case assignment, which is impractical in clinical settings, or sufficiently rich covari-

ate data to statistically isolate the technologist effect, which the available dataset did not

support. The third challenge was specific to the study site: the MRI technologists at the

study site are highly skilled and experienced, and as a result, exam durations exhibited

minimal temporal variation at the individual level. In other words, the learning curves

and performance evolution trajectories the architecture was designed to detect were largely

absent.

To rigorously evaluate the proposed model, we pivoted to three established time series

forecasting datasets with rich and diverse temporal dynamics: UCI Air Quality monitoring,

Capital Bikeshare demand, and Rossmann Store sales. This enabled us to test whether the
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competency portfolio mechanism, which is fundamentally an architecture for learning which

historical contexts are relevant for predicting the future, generalizes beyond healthcare to

other sequential prediction tasks.

Traditional machine learning approaches, particularly gradient boosting methods like

XGBoost (eXtreme Gradient Boosting) [97], have achieved strong performance in forecast-

ing tasks through careful and extensive feature engineering of temporal patterns. However,

these methods require domain expertise to design effective features and struggle to capture

complex, long-range temporal dependencies. Recent advances in deep learning, including

recurrent architectures [27, 98], attention mechanisms [99], and transformer-based foun-

dation models [100], have demonstrated superior ability to automatically learn temporal

representations [101]. In this work, we compare our GRU-based approach against XGBoost

as a representative classical baseline, with the aim of determining whether learned tem-

poral embeddings outperform manually engineered features under controlled conditions.

By comparing these fundamentally different approaches under controlled conditions with

minimal domain-specific feature engineering, we address two research objectives. First, we

evaluate the performance and generalizability of the proposed competency portfolio archi-

tecture across diverse sequential prediction tasks. Second, we contribute to the broader

methodological question of when recurrent learning offers advantages over tree-based mod-

els for time series forecasting. By maintaining consistent preprocessing, identical input

features, and comparable model complexity across both approaches, we isolate a funda-

mental question for practitioners: when feature engineering effort is limited whether due to

time constraints, limited domain expertise, or application to new domains, does automatic

representation learning through recurrent architectures provide advantages over the manual

lag specification and extensive feature engineering typically required for strong tree-based

model performance?

6.2 Related Work

This section reviews prior work on time series forecasting methods, positioning our compar-

ative study within the broader landscape of machine learning and deep learning approaches

for sequential prediction.
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6.2.1 Tree-Based Methods for Time Series Forecasting

Gradient boosting methods, particularly XGBoost [97], LightGBM [102], and CatBoost

[103], have established themselves as dominant approaches for tabular prediction tasks,

including time series forecasting. These methods construct ensembles of decision trees

sequentially, with each tree correcting the residual errors of its predecessors. Their success

stems from several practical advantages: robustness to feature scaling, native handling of

missing values, built-in regularization mechanisms, and computational efficiency.

For time series applications, tree-based methods require explicit feature engineering to

capture temporal dependencies. The standard approach constructs lag features represent-

ing past values at fixed offsets, rolling statistics (moving averages, standard deviations),

and calendar features (day-of-week, month, holiday indicators). This feature engineering

process requires domain expertise to select appropriate lag windows and aggregations; when

done well, it produces highly competitive models. The effectiveness of this approach is ev-

idenced by its dominance in various data forecasting competitions. In the M5 Forecasting

Competition [104], which focused on retail sales prediction using Walmart data, gradient

boosting methods dominated the leaderboard. The winning solutions used LightGBM with

extensive feature engineering, including hierarchical aggregations, price elasticity features,

and carefully tuned lag structures. Similarly, XGBoost-based solutions achieved top rank-

ings in the original Rossmann Store Sales Kaggle competition, demonstrating the strength

of tree-based approaches for retail demand forecasting when combined with domain-specific

feature engineering.

However, this reliance on manual feature engineering presents limitations: practitioners

must decide which lags to include, risking either leaving out important temporal relation-

ships or including irrelevant features that increase dimensionality and risk of overfitting.

As sequence length increases, the feature space grows linearly, potentially triggering the

curse of dimensionality. Furthermore, tree-based models treat each lag as an independent

feature, lacking an inherent understanding of the relationships between temporally adjacent

observations.
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6.2.2 Deep Learning Approaches for Time Series Forecasting

Recurrent neural networks (RNNs) offer an alternative approach that processes sequences

through learned temporal dynamics rather than explicit feature engineering. Long Short-

Term Memory (LSTM) networks [98] introduced gating mechanisms to address the vanish-

ing gradient problem in standard RNNs, enabling learning over longer sequences. Gated

Recurrent Units (GRUs) [27] simplified this architecture while maintaining comparable per-

formance, using update and reset gates to control information flow through the hidden state.

These recurrent architectures process sequences timestep-by-timestep, maintaining a hidden

state that evolves based on each new observation. This design naturally preserves temporal

ordering and enables the network to learn which past information to retain or discard. Un-

like lag-based features, the model’s capacity remains constant regardless of sequence length,

since it uses the same parameters for processing both short and long histories.

Attention mechanisms [99] further enhanced sequential modeling by allowing direct ac-

cess to historical context at any position in the input sequence, bypassing the information

bottleneck of recurrent state propagation. For time series forecasting, attention enables

models to focus on relevant historical periods (e.g., the same hour yesterday) without car-

rying that information through intermediate timesteps. The Transformer architecture, built

entirely on attention without recurrence, demonstrated remarkable success in natural lan-

guage processing and has since been adapted for time series applications. The Temporal

Fusion Transformer (TFT) [100] represents a prominent example of transformer-based fore-

casting, combining recurrent layers for local processing with attention for capturing long-

range dependencies. TFT also incorporates variable selection networks and interpretable

attention weights, addressing the ”black box” criticism of neural approaches. Other notable

architectures include Informer [105], which introduces sparse attention for computational

efficiency on long sequences, and N-BEATS [106], which uses residual stacks without recur-

rence. DeepAR [107] demonstrated the effectiveness of autoregressive RNNs for probabilistic

forecasting across many related time series (e.g., demand across thousands of products). By

training a global model that shares parameters across entities while conditioning on entity-

specific features, DeepAR showed that deep learning can leverage cross-series patterns that
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entity-specific models cannot capture.

A comprehensive survey [101] reviews these and other deep learning approaches for

time series forecasting, noting that neural methods excel when (1) large training datasets

are available, (2) complex nonlinear patterns exist, and (3) manual feature engineering is

impractical. However, the survey also acknowledges that simpler methods often suffice for

well-understood domains with established feature engineering practices.

6.2.3 Comparative Studies

Despite the architectural sophistication of deep learning approaches, their superiority over

traditional methods is not guaranteed. The M4 Competition [108] evaluated 100,000 time

series across multiple domains, and found that pure machine learning methods, including

deep learning, generally underperformed classical statistical approaches like exponential

smoothing and ARIMA. The winning method was a hybrid combining exponential smooth-

ing with neural networks, suggesting that leveraging statistical structure remains valuable.

This finding sparked significant debate about when deep learning provides genuine advan-

tages. [108] argued that deep learning’s strength in domains like computer vision and natural

language processing does not automatically transfer to time series, where patterns are often

simpler and datasets are smaller. Later research has clarified when deep learning offers

advantages: forecasting multiple horizons simultaneously, capturing dependencies across

variables, leveraging patterns across related time series, and situations where practitioners

lack the expertise or time for extensive feature engineering.

The M5 Competition [104] provided a contrasting data point. Unlike M4’s diverse short

series, M5 featured hierarchical retail data with rich exogenous variables (prices, promotions,

calendar events). In this competition, gradient boosting with extensive feature engineering

dominated, but deep learning approaches showed competitive performance, particularly in

capturing hierarchical relationships. The key insight was that data characteristics, including

volume, complexity, and available covariates, determine which approach achieves better

overall performance.

Several studies have directly compared tree-based and neural approaches. Elsayed et
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al. [109] found that gradient boosting with careful feature engineering, including window-

based input transformation and output concatenation, outperformed eight state-of-the-art

deep learning models across nine datasets. This suggests that tree-based models require

substantial feature engineering to achieve their full potential, while neural architectures

can learn effective representations automatically. Our work examines the complementary

question: when both approaches receive minimal, identical preprocessing, do learned tem-

poral representations provide an advantage? We test this across three distinct forecasting

domains, providing concrete empirical evidence for answering this question.

6.3 Datasets

Table 6.1 shows a summary of the three datasets used for the model comparison in this

chapter. The datasets are chosen because of the various domains they represent and the

diverse temporal patterns they embody. Details of each dataset and preprocessing activities

are given in the following subsections.

Table 6.1: Overview of datasets used for model comparison.

Dataset Domain /

Type

Freq. Missing Data Target (y) Input Features Notes

Air Quality

(UCI)

Environmental

sensors (CO

concentration)

Hourly Yes (sensor

dropouts)

CO(GT)

(carbon

monoxide,

ppm)

Gas sensors (PT08.S1–S5),

temperature (T), humidity

(RH, AH), cyclical time en-

codings

Strong diurnal signal.

Bike Sharing

(UCI)

Human behav-

ioral demand

Hourly No cnt (total

rentals)

Weather (temp, atemp,

hum, windspeed), cate-

gorical dummies (season,

weather, holiday, working-

day), cyclical time encod-

ings

Strong daily + weekly pat-

terns.

Rossmann

Store Sales

(Kaggle)

Retail transac-

tions

Daily

(per

store)

Yes (store clo-

sures)

Sales (per-

store rev-

enue)

Store-level features

(Promo, Open, Com-

petition, etc.), categorical

encodings (StoreType,

Assortment, StateHoliday,

SchoolHoliday), cyclical

time encodings

Store-dependent. Some

have strong weekly, holi-

day, and promotional ef-

fects.
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6.3.1 Air Quality Dataset (UCI)

The Air Quality dataset [110] contains 9,358 instances of hourly averaged responses from

an array of 5 metal oxide chemical sensors embedded in an Air Quality Chemical Multi-

sensor Device, located in a significantly polluted area at road level within an Italian city.

Data were recorded from March 2004 to February 2005, representing the longest freely

available recordings of field-deployed air quality chemical sensor responses at the time of

publication. Ground truth hourly averaged concentrations for carbon monoxide (CO), non-

metanic hydrocarbons, benzene, total nitrogen oxides (NOx), and nitrogen dioxide (NO2)

were provided by a co-located reference certified analyzer. Exogenous variables, such as

temperature and relative humidity, are also included. Missing values, typically caused by

sensor failures, are tagged with a -200 value. Given the temporal patterns and complex

dependencies between variables in the dataset, it is frequently used for multivariate time

series forecasting and missing data imputation studies. We use ground truth CO concen-

tration (CO(GT)) as the target variable due to its direct health impact, strong temporal

patterns, and relatively complete measurements compared to other pollutants in the dataset.

Additionally, CO prediction enables direct comparison with prior studies using the same

benchmark.

Data Preprocessing

Figure 6.1 shows where the missing values for each variable are located in the dataset. Note

that only the independent variables (sensor readings PT08.S1-S5 and exogenous variables)

and the dependent variable (CO(GT)) that are actually used in the models are included

in the visualization. Other ground truth measurements are excluded due to their extensive

missingness and potential data leakage issues.

Similar to the data preprocessing procedures in [111], the temperature variable (T) was

linearly interpolated based on time, and a 24-hour rolling window mean was applied to

relative humidity (RH) to capture recent diurnal patterns. However, unlike their approach

of imputing the dependent variable using the median, we first applied linear interpolation

to fill gaps of up to 6 consecutive missing values; the remaining missing values were then
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imputed with the median CO concentration for the corresponding hour of the day. This

approach preserved temporal continuity while retaining hourly variability. The rest of the

numerical variables (i.e., sensor readings) were imputed with the corresponding median

values. The outlier mitigation strategy was similar to that in [111], where extreme values

were clipped to the closest boundaries calculated by Q1 − 1.5 × IQR (interquartile range)

and Q3 + 1.5 × IQR, respectively. This standard, non-parametric approach preserves the

size of the dataset while limiting the impact of data anomalies.

Figure 6.1: Missingness matrix of air quality data.

Cyclical Time Feature Encoding Time variables, including month, day of the week,

and hour of the day were extracted from the DateTime variable, and subsequently trans-

formed using the sine and cosine functions to represent their cyclical nature [112] [113]. The

formulas for transforming the variables are given below:

var sin = sin(2π × var

N
) (6.1)

var cos = cos(2π × var

N
) (6.2)

where var is the feature being transformed, and N is the total number of categories in

the feature (e.g., N=24 for time of day).
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As mentioned before, the goal is to compare the different sequential prediction models

under controlled conditions with minimal domain-specific feature engineering. Therefore,

data preprocessing and feature engineering efforts were deliberately kept minimal and con-

sistent. To ensure a fair comparison, we added lag features to the XGBoost model to

provide it with the same temporal information available to the GRU model, which inher-

ently captures sequential patterns through its recurrent architecture. The extent of the lag

features was kept consistent with the competency window in the GRU model, ensuring both

models had access to the same historical context for prediction. Additionally, we applied

log-transformation to the target variable to handle its skewed distribution [114] and used

StandardScaler to normalize the features to ensure stable training and convergence across

models [115].

Temporal Pattern Overview

Figure 6.2 shows the autocorrelation function (ACF) plot of the target variable, CO(GT).

The ACF visualizes the correlation of the time series with itself at different time lags.

The plot reveals a strong 24-hour periodicity with slow decay over multiple weeks, which is

consistent with air quality patterns driven by the daily and weekly cycles of human activities

such as traffic and industrial operations. In addition, although the amplitude of the peaks

are slowly decreasing, the autocorrelation remains statistically significant (well above zero)

even at lag 600 hours ( 25 days), indicating strong long-term dependencies in the data. This

characteristic makes the air quality dataset particularly well-suited for comparing sequential

models, as it presents a non-trivial temporal pattern where the ability of model architectures

to identify and leverage this pattern in predicting the future can be evaluated and compared.

6.3.2 Bike Sharing Dataset (UCI)

Bike sharing systems have become prevalent in large cities around the world, making it

easy for users to rent a bike from a particular location, go on a ride, and return it at

another location. The Bike Sharing dataset [116] contains hourly bike rental data from the

Capital Bikeshare system in Washington D.C., spanning 2011-2012. The dataset includes
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Figure 6.2: Autocorrelation of the target variable CO(GT).

17,379 hourly observations with weather variables (temperature, humidity, wind speed) pre-

normalized to [0,1] by the dataset creators, along with temporal features (hour, day, month)

and categorical variables (season, weather situation, holiday status).

Data Preprocessing

Unlike the Air Quality data in 6.3.1, there are no missing values in the Bike Sharing

dataset. Therefore, the preprocessing did not include data imputation. However, although

weather variables were provided pre-normalized, we reapplied StandardScaler using train-

ing set statistics to ensure proper train/test separation and consistency across datasets.

Categorical variables were one-hot encoded. The target variable (hourly rental count) was

log-transformed to stabilize variance. Same cyclical time feature encoding technique as in

6.3.1 was applied to the time variables. Lag features were created for the XGBoost model

to ensure both models had access to the same historical context for prediction.

Temporal Pattern Overview

Figure 6.3 shows the ACF plot of the target variable, hourly rental count, in the dataset.

Similar to the carbon monoxide concentration in the Air Quality dataset, there is a strong
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diurnal pattern with weekly cycles; however, the decay appears to be even slower, with

peaks remaining above or near 0.5 at lag 600 hours.

Figure 6.3: Autocorrelation of hourly rental count.

6.3.3 Rossmann Store Sales Dataset (Kaggle)

The Rossmann dataset [117] contains daily sales records from 1,115 Rossmann stores across

Germany, spanning from January 1, 2013 to July 31, 2015 (942 days). For the purpose of

this study, stores with more than 15% missing sales records were excluded to ensure reliable

temporal sequence modeling with recurrent architectures. From the remaining stores (note

that the data may still include closed days with zero sales), we randomly sampled 100 to

balance computational feasibility with sufficient diversity in sales patterns across store types,

locations, and assortment categories. The Rossmann dataset presents several forecasting

challenges relevant to our research objectives:

1. Promotional effects: Sales exhibit sharp increases during promotional periods, requir-

ing models to capture both baseline demand and promotion-driven spikes.

2. Store heterogeneity: Different stores exhibit distinct sales patterns based on location,
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size, assortment type, and competitive environment. This heterogeneity motivates our

use of learned store embeddings.

3. Seasonal patterns: Strong weekly cycles (weekday vs. weekend), monthly patterns

(beginning/end of month), and holiday effects require models to capture multiple

temporal scales.

4. Store Closure days: Stores closed on Sundays and holidays, resulting in zero sales.

This requires careful handling during preprocessing and evaluation.

These challenges have also proved the Rossmann dataset particularly suitable for eval-

uating our competency portfolio architecture due to the following reasons:

• Store-level heterogeneity enables validation of learned embeddings capturing behav-

ioral patterns

• Multi-scale temporal patterns (daily, weekly, monthly, seasonal) test the model’s abil-

ity to leverage varying lookback windows

• Complex relationships between variables provide a good test case for automatic feature

learning versus manual engineering

Data Preprocessing

The preprocessing began with merging the sales data file with store metadata. After this,

missing values were handled. In the Rossmann dataset, there were two types of missingness

in the target variable:

• Store Closure Days: These were days when stores were closed (e.g., Sundays, holidays)

and legitimately had zero sales. These days were retained as valid entries.

• Data Recording Gaps: To ensure temporal continuity for recurrent architectures while

maintaining data quality, we first re-indexed each store to the complete date range

[2013-01-01, 2015-07-31], setting store open indicator variable to zero for new dates
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and forward/backward-filling static store features. Target variables (sales) were set to

zero for newly created dates. This is consistent with the interpretation that missing

sales correspond to either store closures or zero-sales days. Then, we selected 100

stores with ≥85% data completeness (proportion of open days with valid sales).

After filling the gaps in the records, all 100 stores had complete 942-day observations

with no gaps in the temporal index, ensuring reliable sequence modeling for the recurrent

neural network architecture while avoiding target imputation that could introduce artificial

patterns. It should be noted that although closed days were retained in the data, they

were excluded as prediction targets for all models. In addition, closed days may appear in

input sequences to the models, as historical closure patterns provide context for forecasting

(e.g., post-holiday recovery patterns). This approach ensures that evaluation focuses on

operationally relevant predictions while preserving the temporal context that closed days

provide.

Table 6.2 summarizes the features used. To maintain a fair comparison between the

models, by design, we applied only minimal domain-agnostic feature engineering. Rather

than extensive feature engineering typical of gradient boosting approaches [118] [119], we

focused on basic temporal encodings and readily available metadata. Lastly, similar to the

previous datasets, the target variable (daily sales) was log-transformed to address skew-

ness and heteroscedasticity. Numerical features (CompetitionDistance, CompetitionOpen,

Promo2Open, DayOfMonth, WeekOfYear) were standardized to zero mean and unit vari-

ance using StandardScaler.

Temporal Pattern Overview

Figure 6.4 shows the autocorrelation of daily sales for four example stores. We can see that

different stores exhibit diverse temporal sales patterns. Store 262 exhibits strong weekly

seasonality with autocorrelation peaks (∼0.5) at 7-day intervals persisting across the full

120-day window. Store 602 shows similar weekly periodicity but with negative autocor-

relations between peaks, suggesting pronounced within-week variation. Store 736 displays

weaker alternating positive and negative autocorrelations with weekly periodicity. Store 837
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Table 6.2: Features for Rossmann dataset

Category Feature Description

Competition

CompetitionOpen Months since competitor opened

CompetitionDistance Distance to nearest competitor (m)

HasCompetition Binary: competition exists

Promotion

Promo Binary: current promotion active

Promo2Open Weeks participating in Promo2

IsPromo2Month Binary: current month in Promo2 cycle

Temporal

dow sin, dow cos Cyclical day of week: sin(2πd/7),

cos(2πd/7)

month sin, month cos Cyclical month: sin(2πm/12),

cos(2πm/12)

DayOfMonth Day within month (1-31)

WeekOfYear Week number (1-53)

IsMonthStart Binary: days 1-3 of month

IsMonthEnd Binary: days 28-31 of month

IsWeekend Binary: Saturday or Sunday

Categorical

StoreType One-hot encoded

Assortment One-hot encoded

StateHoliday One-hot encoded

Sequential
Lag features (XGBoost) Previous L days of all base features

Store embeddings (GRU) Learned d-dimensional vectors (d=4-16,

optimized during training)
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demonstrates persistently positive autocorrelation across all lags with superimposed weekly

cycles—even at 120 days, autocorrelation remains around 0.25—indicating both trend-like

persistence and seasonality. This heterogeneity in temporal dynamics across stores moti-

vates our multi-entity modeling approach (detailed in Section 6.4.3).

Figure 6.4: Autocorrelation of daily sales.

6.4 Model Architectures

This section describes the architectural design of the two models evaluated in this study:

Gated Recurrent Unit (GRU) networks for sequential processing and XGBoost for gradient-

boosted decision trees. We provide detailed specifications of network structures, key com-

ponents, and the fundamental differences in how each architecture represents and processes

temporal information. The training procedures for these models are described subsequently

in Section 6.5.
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6.4.1 GRU Architecture

Network Structure

The GRU model implements a deep architecture combining dense input transformation,

a two-layer GRU stack with attention, and dense prediction layers to process sequential

temporal data. We employ two stacked GRU layers in this study, which is a depth consistent

with established time series forecasting literature and sufficient for the temporal complexity

present in our evaluation datasets. The modular architecture readily extends to deeper

configurations when problem complexity warrants additional representational capacity. The

network accepts three inputs:

1. Competency window:1 A sequence of L historical timesteps, each containing all

features (temporal encodings, domain-specific variables). Shape: (batch, L, nfeatures)

2. Prediction features: Features at timestep L+1 (temporal encodings, exogenous

variables such as weather, if applicable). Shape: (batch, npred features)

3. Store index (Rossmann only): Integer identifier for store-specific embeddings. Shape:

(batch, 1)

The core architecture comprises two functional modules: one with sequential processing

layers and one with prediction layers.

Sequential Processing Layers:

• Input transformation: Dense layers (256 → 128 units, ReLU activation) process

the competency window features before recurrent processing

• First GRU layer: 64-128 units (dataset/window-dependent) with dropout, return sequences=True

to output hidden state at each timestep

1This terminology was inherited from the architecture’s original application to MRI technologist compe-
tency modeling, where historical procedure performance informs predictions of future capability.
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• Second GRU layer: Compressed by a ratio 0.25-0.75 of the first layer size, with

dropout, return sequences=True to provide timestep-wise hidden states for the atten-

tion mechanism

• Attention mechanism: Learns a weighted combination of all timesteps in sequence

(detailed in Section 6.4.1)

Prediction Layers:

• Context integration: Concatenates attention-weighted sequence representation,

prediction features, and store embedding (if applicable)

• Dense layer 1: 256 units, ReLU activation, L2 regularization

• Dense layer 2: 128 units, ReLU activation, L2 regularization

• Output layer: Single linear unit producing scalar prediction

The model also incorporates several regularization techniques to mitigate overfitting:

• Dropout (5-30%, tuned via hyperparameter optimization) after each GRU layer

• L2 weight regularization (λ = 10−4) on GRU kernels and dense layers

• Optional Gaussian noise layers (stddev=0.0 in final models, retained for architectural

flexibility)

This architecture balances representational capacity with computational efficiency. The

two-layer design with moderate unit counts (64-128 in the first layer) prevents overfitting

on the moderately-sized datasets (1,800-16,000 test samples) while maintaining sufficient

capacity to learn complex temporal dependencies. The compression ratio between layers

encourages the network to learn increasingly abstract representations, with the second layer

capturing higher-level temporal patterns distilled from the first layer’s more detailed se-

quence processing.
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Attention Mechanism

To enable selective focus on relevant historical periods within the L-timestep competency

window, we implement a temperature-scaled attention mechanism over the second GRU

layer’s timestep-wise outputs. This mechanism addresses a key limitation of standard re-

current models: later timesteps in the sequence can dominate the hidden state, potentially

obscuring important patterns from earlier periods. The attention computation proceeds as

follows:

1. Attention scoring: Apply a dense layer with tanh activation to each timestep’s

GRU output, producing scalar attention logits: et = tanh(Waht + ba), where ht is the

GRU hidden state at timestep t

2. Temperature scaling: Divide logits by temperature parameter τ = 0.6 to control

attention sharpness: e′t = et/τ . Lower temperature (τ < 1) sharpens the distribution,

encouraging the model to focus strongly on the most relevant timesteps rather than

distributing attention uniformly

3. Normalization: Apply softmax across the sequence dimension to obtain attention

weights: αt =
exp(e′t)∑L
i=1 exp(e

′
i)

4. Weighted aggregation: Compute context vector as the weighted sum of GRU out-

puts: c =
∑L

t=1 αtht

The temperature parameter τ = 0.6 was selected based on preliminary experiments

showing this value balances between overly uniform attention (τ → ∞, equal weights on all

timesteps) and overly concentrated attention (τ → 0, attending only to single timestep).

This intermediate value allows the model to flexibly distribute attention across multiple

relevant periods while still prioritizing the most informative timesteps.

For time series forecasting, attention proves particularly valuable at longer sequence

lengths. In a 96-hour window, for example, certain historical timesteps (such as yesterday’s

corresponding hour) are likely more predictive than others (such as 72 hours ago). The
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attention mechanism can learn to weight relevant timesteps more heavily, assigning high αt

to informative lags without requiring manual specification of which lags to emphasize.

Store Embeddings

For the multi-store Rossmann dataset, we incorporate learned store embeddings to efficiently

model store-specific characteristics. Rather than using one-hot encoding (which would re-

quire 100 binary features for 100 stores), the model learns a dense embedding matrix of

shape (nstores, d). The embedding dimensionality d represents a trade-off: while higher

dimensions provide more representational capacity to capture store-specific nuances, they

also risk overfitting with limited data per store. Therefore, it is tuned via hyperparame-

ter optimization during model training (Section 6.5.2). Each store’s embedding vector is

retrieved via lookup using the store index and concatenated with features at two points in

the architecture:

1. Sequential processing: Concatenated with each timestep in the competency win-

dow before GRU processing, allowing store-specific temporal pattern learning

2. Prediction step: Concatenated with the attention-weighted context and prediction

features before final dense layers

This dual integration mechanism ensures the model has store-specific information avail-

able throughout processing: the GRU layers can learn how sales typically evolve over time

for a store, while the prediction layers can utilize this information to predict sales for that

specific store. Compared to one-hot encoding, embeddings provide parameter efficiency

and enable knowledge sharing between stores with similar sales patterns, facilitating model

generalization.

6.4.2 XGBoost Architecture

XGBoost implements an ensemble learning approach based on gradient-boosted decision

trees [97]. The algorithm builds an additive ensemble of decision trees sequentially:
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ŷi =
K∑
k=1

fk(xi) (6.3)

where K is the number of trees, fk represents the k-th tree function, and xi is the feature

vector for sample i. Each new tree fk is trained to minimize the loss function with respect

to the current predictions:

L(k) =
n∑

i=1

l(yi, ŷ
(k−1)
i + fk(xi)) + Ω(fk) (6.4)

where l(·) is the loss function (squared error in our case), ŷ
(k−1)
i is the prediction from the

first k − 1 trees, and Ω(fk) is a regularization term penalizing tree complexity. We employ

histogram-based tree construction (tree method=“hist”), which bins continuous features

into discrete buckets for computational efficiency and GPU acceleration.

Unlike GRU’s sequential processing of temporal data, XGBoost processes each sample

independently without sequential context; therefore, temporal information must be explic-

itly encoded as features rather than learned through recurrent state. Input features for the

XGBoost model include:

• Lag features: For window size L, we create L separate features representing target

values at timesteps t − L, t − L + 1, . . . , t − 1, t (e.g., 48 lag features for a 48-hour

window)

• Temporal encodings: Cyclical sine/cosine transformations of hour, day-of-week,

month

• Domain features: Weather conditions (if applicable), promotional indicators (Ross-

mann), store characteristics

• Store identity: One-hot encoded store IDs (Rossmann only)

Hyperparameter configuration and tuning procedures for the XGBoost model are de-

tailed in Section 6.5.



101

6.4.3 Architectural Comparison

The fundamental distinction between GRU and XGBoost architectures lies in how they

represent and process temporal information, leading to different strengths and limitations

for time series forecasting.

Temporal Representation

GRU maintains a hidden state vector that evolves as it processes the sequence timestep-by-

timestep. At each step, the model updates its internal representation based on the current

input and previous hidden state:

ht = GRU(xt, ht−1) (6.5)

This recurrent processing naturally preserves temporal ordering: the model understands

that observation at t = 5 occurs between t = 4 and t = 6, even without explicit encoding.

The gating mechanisms (update gate, reset gate) learn which information to retain from

the past and which to discard, enabling selective memory over long sequences. Attention

further refines this by allowing the model to directly access relevant earlier timesteps without

routing all information through the recurrent bottleneck.

XGBoost receives temporal context as a flat feature vector where each lag is an inde-

pendent column. For a 24-hour forecast window:

x = [lag1, lag2, . . . , lag24, hour sin, hour cos, . . .] (6.6)

The model has no inherent understanding of temporal ordering; therefore, temporal

patterns must be learned through tree splits that discover predictive lag values. While

the model can learn feature interactions (e.g.,“if lag12 is high AND weather is fair, predict

high”), capturing complex sequential dependencies requires many trees with specific split

combinations.
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Model Scalability with Sequence Length

For GRU, computational and memory requirements scale linearly with sequence length L.

Processing a 96-hour sequence takes approximately twice as long as a 48-hour sequence,

as the recurrent layers must iterate through more timesteps. However, the number of

parameters remains constant regardless of L: the same GRU weights process every timestep

in the sequence.

For XGBoost, feature dimensionality scales linearly with L: a 96-hour window requires

96 lag features per variable, doubling the feature count compared to 48 hours. This creates

several challenges:

• Search space explosion: More features mean more potential splits to consider

during tree construction

• Overfitting risk: High-dimensional feature spaces can lead to spurious patterns,

especially with limited training data

• Dilution of signal: Many lags may be irrelevant (e.g., 83 hours ago may provide

little information for hourly CO prediction), adding noise that regularization must

filter out

Our results (Section 6.6.3) demonstrate this limitation: XGBoost performance catas-

trophically degrades at the 120-day Rossmann window where the feature space becomes

excessively large, while GRU maintains stable performance across all window sizes.

Multi-Entity Modeling

For datasets involving multiple entities (e.g., Rossmann’s 100 stores), the architectures

employ different strategies:

GRU: Learns compact entity embeddings (4-16 dimensions per store) that are concate-

nated with temporal features. The same GRU weights process all stores’ sequences, with

embeddings providing store-specific adjustments. This parameter-efficient approach enables
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knowledge sharing: patterns learned from Store A’s sales dynamics can inform predictions

for Store B if their embeddings are similar.

XGBoost: Uses one-hot encoding (100 binary features for 100 stores) concatenated

with lag features. The trees must learn separate decision paths for each store through splits

on these binary indicators. This approach treats stores as categorically distinct without

built-in similarity structure, requiring more data per store to learn robust patterns. Each

store effectively needs its own subtree structure within the ensemble.

Model Interpretability

The two architectures differ greatly in interpretability, presenting a trade-off between pre-

dictive flexibility and explainability.

GRU: Neural networks are often considered as black boxes:

• Hidden states are high-dimensional distributed representations without clear semantic

meaning

• Predictions result from complex non-linear transformations across multiple layers

• Attention weights provide some interpretability, but not full prediction explanations

However, techniques like attention visualization, gradient-based saliency, and embedding

analysis (Section 6.6.3) can provide partial insights into model behavior.

XGBoost: Compared to neural networks, tree-based models offer more direct inter-

pretability through:

• Feature importance scores: Measure how much each feature contributes to splits across

all trees

• Decision paths: Can trace exactly which conditions led to a specific prediction

• Partial dependence plots: Visualize how predictions change with individual features

This transparency is particularly valuable in production systems where stakeholders

require explainability.
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6.5 Model Training

This section describes the computational infrastructure, hyperparameter optimization strate-

gies, and the overall training procedures used to develop the GRU and XGBoost models

for all three datasets. To ensure fair architectural comparison, both models undergo sys-

tematic hyperparameter optimization using identical data splits, optimization frameworks,

and evaluation metrics, with search spaces tailored to each architecture’s specific parame-

ters. We prioritize reproducibility through fixed random seeds, documented hyperparameter

search spaces, and validation-based early stopping to ensure consistent model selection. The

training methodology balances comprehensive hyperparameter exploration with computa-

tional efficiency, enabling evaluation across multiple window sizes for each dataset while

maintaining rigorous model selection procedures.

6.5.1 Training Infrastructure

All experiments were conducted on Google Colab2 utilizing NVIDIA T4 or A100 GPU(s) for

accelerated training. The GPU environment provides sufficient memory (16GB T4, 40GB

A100) for batch processing and dynamic memory allocation during training. TensorFlow’s

data pipeline with prefetching enabled efficient GPU utilization during GRU training, while

XGBoost’s histogram-based tree construction (tree method=”hist”) leveraged GPU accel-

eration for rapid tree building.

To ensure reproducibility, we set global random seeds (seed=42) across all random num-

ber generators: Python’s native random module, NumPy, TensorFlow, and XGBoost. All

experiments used TensorFlow 2.x and XGBoost 2.x, with specific version information doc-

umented in the code repository. These measures ensure consistent results when rerunning

experiments with identical configurations.

2https://colab.research.google.com
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6.5.2 Hyperparameter Optimization

Optimization Framework

We employed Optuna [120], a hyperparameter optimization framework using Tree-structured

Parzen Estimator (TPE) sampling for efficient search space exploration. The TPE sampler

models the relationship between hyperparameters and objective values, allocating the com-

putational budget to promising regions of the search space. We configured Optuna with

a MedianPruner to terminate unpromising trials early based on intermediate validation

performance, substantially reducing total optimization time without sacrificing final model

quality.

For each dataset and window size combination, we conducted 15-20 independent trials

(15 for Air Quality and Bike Sharing, and 20 for Rossmann), where each trial trains a

model with a specific hyperparameter configuration sampled from the search space. The

objective function minimizes mean absolute error (MAE) on the validation set, computed

on inverse-transformed predictions to ensure optimization occurs in the original target scale

rather than log-transformed space. After completing all trials, we select the configuration

achieving the lowest validation MAE and retrain the final model using combined training

and validation data (described in Section 6.5.5).

GRU Search Space

The GRU hyperparameter search space balances architectural flexibility with computational

constraints. Network architecture parameters include:

• gru units 1: First GRU layer size, discrete choice from {64, 96, 128}

• ratio gru2: Second layer size as ratio of first layer, discrete choice from {0.25, 0.33,

0.5, 0.67, 0.75}. For example, gru units 1=96 with ratio gru2=0.5 yields a second

layer of 48 units.

• dropout: Dropout rate applied after each GRU layer, continuous uniform [0.05, 0.3]
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• store emb dim (Rossmann only): Store embedding dimensionality, discrete uniform

integer [4, 16]

• learning rate: AdamW learning rate, log-uniform [1e-5, 3e-3]

This parameterization allows the optimization to discover both compact models (64

units, high compression ratio, low dropout) and larger capacity models (128 units, low

compression ratio, high dropout) while maintaining reasonable trial durations. Each trial

trains for 15-25 epochs on the training set with validation evaluation after each epoch,

selecting the configuration with the lowest validation MAE.

The search space intentionally constrains certain parameters to maintain training sta-

bility and computational efficiency. We fix the batch size at 32, weight decay at 5e-4, and

use a two-layer GRU architecture rather than optimizing depth, as preliminary experiments

showed minimal benefit from three or more layers for our sequence lengths. The attention

mechanism uses fixed temperature scaling (τ=0.6) based on prior work demonstrating this

value balances focus and smoothness for time series attention in our study.

XGBoost Search Space

The XGBoost search space encompasses tree structure, learning dynamics, and regulariza-

tion parameters. We adapt certain ranges based on dataset characteristics:

Tree Structure:

• max depth: Maximum tree depth, discrete [3, 8] for Rossmann; [3, 10] for Air Quality

and Bike Sharing

• min child weight: Minimum sum of instance weights in child nodes, discrete [1, 10]

Learning:

• learning rate: Step size shrinkage, log-uniform [0.01, 0.3] for Rossmann; [0.001, 0.1]

for Air Quality and Bike Sharing

Regularization:
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• subsample: Fraction of training instances per tree, continuous uniform [0.6, 1.0]

• colsample bytree: Fraction of features per tree, continuous uniform [0.6, 1.0]

• gamma: Minimum loss reduction for split, continuous uniform [0.0, 5.0]

• reg lambda: L2 regularization, log-uniform [0.001, 10.0]

• reg alpha: L1 regularization, log-uniform [0.001, 10.0]

Fixed Parameters:

• n estimators: Maximum of 2000-3000 trees with early stopping (dataset-dependent)

• tree method: ”hist” for GPU-accelerated histogram-based construction

• random state: 42 for reproducibility

The dataset-specific adjustments reflect differing sample sizes and complexity. Ross-

mann’s larger dataset (16,433 test samples across 100 stores) benefits from shallower trees

(max depth capped at 8) to prevent overfitting, while the constrained learning rate range

[0.01, 0.3] avoids excessively slow convergence given the substantial training data. Air

Quality and Bike Sharing, with approximately 1,800 test samples each, benefit from deeper

trees (up to depth 10) for fine-grained pattern learning and lower learning rates for gradual

refinement.

6.5.3 GRU Training Procedure

Loss Function and Optimizer

GRU models optimize mean absolute error (MAE) as the training objective, chosen for its

robustness to outliers and direct interpretability in the original target units. We employ

the AdamW optimizer [121], which decouples weight decay from gradient-based updates,

providing more effective regularization than standard Adam. The weight decay coefficient

is fixed at 5e-4 across all experiments, with learning rates tuned via hyperparameter opti-

mization as described in Section 6.5.2.
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Batch Construction and Data Flow

Training data for GRU models consists of sliding window sequences with stride=1, gener-

ating overlapping temporal contexts. Each training sample comprises: (1) a competency

window of L historical timesteps providing sequential context, (2) prediction features at

timestep L+1 (time encodings, weather conditions if applicable), and (3) the target value

at L+1. For a dataset with T total timesteps and window size L, this produces approxi-

mately T-L training samples, though the exact count depends on dataset-specific constraints

(e.g., per-store processing for Rossmann).

Batches of size 32 are constructed by randomly sampling these sequences, with full

dataset shuffling occurring at the start of each epoch. This stochastic sampling prevents the

model from learning spurious patterns based on sample ordering while maintaining temporal

integrity within each sequence. For the Rossmann dataset, we implement additional batch

filtering to skip samples where the store is closed (store open=0), as predicting zero sales

provides no useful gradient signal for learning temporal dynamics.

Training Loop

The final GRU model training follows a multi-phase procedure designed to maximize per-

formance while preventing overfitting:

Phase 1 - Combined Training: The model trains on the combined training and

validation sets (previously split for hyperparameter optimization) to utilize all available

data for final model fitting. Training proceeds for up to 100 epochs with batch shuffling at

each epoch start.

Phase 2 - Validation Monitoring: Despite training on combined data, we maintain

a small held-out validation subset (approximately 5% of training data) to monitor general-

ization and guide early stopping. After each epoch, we compute MAE on this subset and

track the best validation loss encountered.

Phase 3 - Early Stopping: Training terminates if validation MAE fails to improve by

at least 1e-4 for 20 consecutive epochs (30 epochs for Rossmann due to its larger scale and

slower convergence). Upon early stopping, we restore the model weights from the epoch
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with best validation performance rather than using the final epoch’s weights.

Phase 4 - Learning Rate Reduction: If validation MAE plateaus for 5 consecutive

epochs without triggering early stopping, we reduce the learning rate by a factor of 0.8 to

enable finer-grained optimization near local minima. This continues until the learning rate

falls below 1e-6 or training is terminated by early stopping.

Rossmann-Specific Adaptations

The multi-store structure of the Rossmann dataset requires architectural and procedural

modifications. Store embeddings are integrated by concatenating the learned embedding

vector (dimensionality tuned via hyperparameter optimization, typically 4-16) with both

the competency window features and prediction features. This provides the model with

store identity information throughout the sequential processing of historical data and at

final prediction.

Batch construction implements per-store windowing to prevent temporal contamination

across stores. Sequences never span multiple stores; each L-timestep competency window

comes from a single store’s chronological history. Additionally, we skip batches where the

store is closed, as these samples contribute zero gradient (predicting zero when the target

is zero) and dilute the learning signal from open-store periods.

6.5.4 XGBoost Training Procedure

Loss Function and Training Strategy

XGBoost models use squared error as the objective for tree construction, whereas our eval-

uation focuses on MAE. The squared error loss provides smooth gradients that facilitate

effective tree splitting, whereas direct MAE optimization can lead to unstable splits due to

the loss function’s non-differentiability at zero error. During hyperparameter optimization,

we evaluate candidate configurations using the validation MAE to maintain consistency

with our evaluation metrics as well as the GRU optimization objective.

Training employs an internal 80/20 split of the training data for early stopping: 80%

builds trees while 20% evaluates generalization after each boosting round. We train up
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to 2,000-3,000 trees (dataset-dependent) but employ early stopping with patience of 100-

150 rounds. If validation error fails to improve for this many consecutive trees, train-

ing terminates, and the iteration with the best validation performance is selected. The

tree method=”hist” setting enables GPU-accelerated histogram-based tree construction,

substantially reducing training time while automatically handling feature interactions through

tree structure.

Feature Construction

XGBoost requires explicit feature engineering to represent temporal context, contrasting

with GRU’s implicit sequential processing. For each prediction at timestep t+1, we con-

struct:

Lagged Features: For each continuous variable (target variable, weather conditions

if applicable), we create L explicit lag features representing values at timesteps [t-L+1, ...,

t-1, t]. For a 96-hour window, this generates 96 lagged values per continuous variable.

Temporal Features: Cyclical time encodings (sine/cosine of hour-of-day, day-of-week,

month-of-year) evaluated at the prediction timestep t+1.

Store Features (Rossmann only): One-hot encoded store identities, creating 100

binary features indicating which store the prediction concerns.

All features undergo standardization using StandardScaler fit exclusively on training

data to prevent data leakage. The scaler state (mean and standard deviation per feature)

is saved for consistent preprocessing during evaluation.

Rossmann-Specific Adaptations

The Rossmann dataset’s multi-store structure necessitates careful lag feature construction

to prevent cross-store contamination. Lagged features are generated independently per

store. This per-store processing means the first L days of each store’s chronological data

must be dropped, as they lack sufficient history to construct complete lag feature vectors.
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6.5.5 Training Data Management

Both models use identical train/test splits to ensure fair comparison, with training data

further subdivided for hyperparameter optimization. The data management strategy dif-

fers slightly between single-entity (Air Quality, Bike Sharing) and multi-entity (Rossmann)

datasets.

Air Quality and Bike Sharing

For single-entity time series, we perform chronological splitting to preserve temporal order-

ing:

1. Split complete dataset at 80% temporal position → Training set, Testing set

2. Reserve final 10% of Training set → Validation set

3. Hyperparameter optimization uses Training-Validation split (train on 72%, validate

on 8% of total data)

4. Final model trains on combined Training+Validation (90% of total data)

5. Evaluation occurs exclusively on Testing set (final 20% of data)

This procedure ensures that: (1) models never observe test data during training or

hyperparameter optimization, (2) temporal ordering is strictly maintained (no information

leakage from future to past), and (3) both GRU and XGBoost have access to identical

information at each stage.

Rossmann

For the multi-store dataset, we first reindex each store to a complete global date range

spanning the entire dataset timeline to ensure temporal consistency. After this reindexing,

all stores share the same chronological date range. We then apply a single 80/20 train/test

split at the same calendar date for all stores:
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1. Reindex all stores to complete global date range (filling missing dates)

2. Split at 80% of the timeline → All stores’ Training sets end at the same date

3. Reserve final 10% of Training period → All stores’ Validation periods align temporally

4. Hyperparameter optimization uses all stores’ Training sets, validates on all stores’

Validation sets

5. Final model trains on all stores’ combined Training+Validation sets

6. Evaluation uses all stores’ Testing sets (final 20% of timeline, same dates for all stores)

This approach ensures temporal ordering is strictly maintained and all stores are evalu-

ated on the same test period calendar dates, enabling meaningful aggregation of predictions

across stores for system-level performance metrics.

6.5.6 Multi-Window Training Strategy

To evaluate how historical context window size affects forecasting performance, we train

independent models for each window size tested, with each model undergoing its own hy-

perparameter optimization.

Window sizes tested per dataset reflect the natural temporal scales of each domain:

• Air Quality: 6, 12, 24, 48, 72, 96 hours (6 windows)

• Bike Sharing: 3, 6, 12, 24, 48, 72, 96 hours (7 windows)

• Rossmann: 7, 14, 28, 56, 84, 91, 120 days (7 windows)

For each window size, we:

1. Conduct hyperparameter optimization (15-20 trials) using train/validation splits

2. Train final model with best hyperparameters on combined train+validation data
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3. Evaluate on test set and save predictions, metrics, and model artifacts

4. Proceed to next window size with completely independent optimization

This independent training ensures that each window size is fairly evaluated without

compromises, despite the fact that it requires more computation than sharing a single

model across all windows.

6.5.7 Training Monitoring and Convergence

Tracked Metrics

During training, we monitor several metrics to ensure convergence and diagnose potential

issues:

GRU Metrics:

• Training loss (MAE) per batch and per epoch

• Validation loss (MAE) evaluated after each epoch

• Learning rate across epochs

• Epoch at which early stopping triggers

XGBoost Metrics:

• Training error (squared error) per boosting iteration

• Validation error (squared error) per iteration for early stopping

• Number of trees at convergence

• Best iteration (selected by early stopping)
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Convergence Criteria

Models are considered converged when:

GRU: (1) Validation MAE fails to improve by at least 1e-4 for 20 consecutive epochs

(30 for Rossmann), triggering early stopping, or (2) training reaches 100 epochs maximum,

or (3) learning rate decays below 1e-6. The model weights from the epoch with the best

validation MAE are restored as the final model.

XGBoost: (1) Validation error fails to improve for 100-150 consecutive trees (dataset-

dependent patience), triggering early stopping, or (2) training reaches 2,000-3,000 maximum

trees. The iteration wthe ith best validation error is automatically selected as the final

model. This automatic selection of best checkpoints rather than final iterations proved

essential for avoiding overfitting, particularly for XGBoost where validation error often

showed some degradation in late training despite early stopping patience.

Post-Training Adjustments

After training completes, we apply minimal post-processing to ensure predictions satisfy

domain constraints:

Non-negativity Clipping: For all datasets, predictions are clipped to ensure non-

negative values: ŷ = max(0, ŷmodel). This simple adjustment handles rare cases where

models predict small negative values, particularly near the lower boundary of the target

distribution.

These adjustments are minimal and domain-agnostic, avoiding dataset-specific tuning

that might advantage one architecture over another. The emphasis throughout training

and post-processing remains on fair comparison: both models receive identical data, similar

computational budgets for hyperparameter search, and minimal post-hoc adjustments.

6.6 Experimental Results

This section presents a comprehensive evaluation of GRU and XGBoost model performance

across the three datasets described in Section 6.3. Our experimental design evaluates

both architectures under identical conditions—same train/test splits, same feature sets,
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and same hyperparameter optimization procedures—to provide a fair assessment of their

relative strengths for temporal prediction tasks with minimal feature engineering.

For each dataset, we first present quantitative performance metrics. Following the metric

presentation, we a provide detailed analysis examining model behaviors, window size effects,

and comparative insights. Section 6.6.4 synthesizes findings across all three datasets to

identify generalizable patterns in architectural advantages for time series forecasting.

6.6.1 Air Quality Dataset

Performance Metrics

We evaluated GRU and XGBoost models for hourly carbon monoxide (CO) concentration

prediction using the UCI Air Quality dataset with varying amounts of historical context

(6 to 96 hours). Table 6.3 presents the complete performance evaluation across all tested

window sizes. All models perform one-step-ahead prediction (predicting hour t+1 given

hours t-L+1 to t).

Table 6.3: Air quality forecasting performance across historical context window sizes

Window ntest GRU XGBoost Improvement

(hours) MAE RMSE R² MAE RMSE R² (%)

6 1,866 0.463 0.696 0.718 0.527 0.756 0.669 12.1

12 1,860 0.484 0.723 0.696 0.534 0.752 0.673 9.4

24 1,848 0.457 0.695 0.720 0.529 0.752 0.673 13.6

48 1,824 0.510 0.725 0.695 0.551 0.769 0.651 7.4

72 1,800 0.493 0.724 0.696 0.557 0.772 0.643 11.5

96 1,776 0.507 0.742 0.680 0.543 0.755 0.659 6.6

Mean 1,829 0.486 0.717 0.701 0.540 0.759 0.661 10.1

Note: MAE and RMSE reported in mg/m³ (original scale after inverse log transfor-

mation). Best GRU performance highlighted in bold.



116

GRU consistently outperformed XGBoost across all tested window sizes, achieving MAE

values ranging from 0.457 to 0.510 mg/m³ compared to XGBoost’s 0.527 to 0.557 mg/m³.

The relative improvement ranged from 6.6% at the 96-hour window to 13.6% at the 24-hour

window, with an average advantage of 10.1% across all windows. Both models achieved

moderate explanatory power with R² scores between 0.64 and 0.72, reflecting the inherent

difficulty of CO prediction given the minimal feature engineering approach in our study.

The optimal performance for GRU is achieved at the 24-hour window (MAE: 0.457,

RMSE: 0.695, R²: 0.720), while XGBoost performed best at the shortest 6-hour window

(MAE: 0.527, RMSE: 0.756, R²: 0.669). Test set sizes decreased slightly with longer win-

dows due to edge effects in batch construction, ranging from 1,866 samples at 6 hours to

1,776 samples at 96 hours. All reported metrics are computed on aligned test sets to ensure

fair comparison between models.

Analysis

Window Size Effects Figure 6.5 shows the model performance across historical context

window sizes. The 24-hour window emerged as optimal for GRU, representing a 13.6%

improvement over XGBoost at this window and achieving the model’s best overall perfor-

mance. This window size aligns naturally with atmospheric pollutant dynamics, capturing

one complete diurnal cycle of CO accumulation and dispersion driven by traffic patterns,

temperature inversions, and photochemical processes. Performance degraded modestly at

longer windows, with the 96-hour window showing 10.9% higher MAE (0.507 vs. 0.457)

relative to the 24-hour optimum. Despite this degradation, GRU maintained relatively sta-

ble performance across the tested range, with MAE values confined to a narrow band of

0.457–0.510 mg/m³ (11.6% spread).

XGBoost exhibited a different sensitivity pattern, achieving its best performance at the

shortest 6-hour window before gradually degrading as window sizes increased. The model’s

MAE increased from 0.527 at 6 hours to 0.557 at 72 hours (5.7% degradation), with modest

recovery to 0.543 at 96 hours. This pattern suggests that XGBoost’s lag-based feature

representation becomes less effective as the number of lagged features grows, potentially
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introducing noise despite model regularization.

Figure 6.5: Air quality forecasting performance across historical context window sizes. (a)
MAE and R² metrics. (b) RMSE and R² metrics. Solid lines show error metrics (left axis),
dashed lines show R² (right axis).

Sequential vs. Tabular Processing The consistent GRU advantage across all windows

(6.6%–13.6% improvement) demonstrates the value of sequential processing for atmospheric

time series. GRU’s recurrent architecture with attention mechanisms appears to selectively

leverage relevant historical context while discarding irrelevant older information. This ca-

pability becomes particularly valuable at the 24-hour window, where the model can attend

to the previous day’s corresponding hour, a known strong predictor for air quality given

repeating daily human activity patterns.

In contrast, XGBoost treats each lagged feature independently, losing the temporal

ordering information inherent in the sequence. While the model’s tree structure can learn

interactions between specific lags, it cannot naturally capture the notion that lag-23h is

“one hour before the daily cycle” in the same way that lag-25h is “one hour after the daily

cycle.” This fundamental architectural difference likely explains XGBoost’s preference for

shorter windows (fewer independent lag features) and GRU’s superior performance at the

24-hour natural period.
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Prediction Quality and Temporal Dynamics Figure 6.6 illustrates representative

prediction quality over a 300-hour test period using the optimal 24-hour historical context

window. Both models successfully capture the strong diurnal periodicity characteristic

of urban CO concentrations, with regular oscillations between low overnight values ( 0.5

mg/m³) and daytime peaks (4–6 mg/m³) driven by traffic patterns and atmospheric mixing

dynamics.

However, closer examination reveals systematic differences in prediction behavior. GRU

predictions (orange) track ground truth values (blue) more faithfully, particularly during

peak concentration periods and rapid transitions. For example, between hours 50–75, GRU

captures both the magnitude and timing of concentration spikes, while XGBoost predictions

(green) show slight lag and dampened peak responses. This pattern repeats throughout the

time series, with XGBoost exhibiting greater smoothing—a characteristic behavior of tree-

based models that average predictions across leaf nodes rather than producing continuous

functional mappings.

The close alignment of all three curves confirms that both architectures have learned

the fundamental temporal structure of CO dynamics. The 10.1% average MAE advantage

for GRU (Table 6.3) manifests visually as small but consistent improvements in tracking

rapid concentration changes and peak magnitudes. These incremental gains, while modest

in absolute terms (0.05 mg/m³), compound over extended forecast periods and could prove

meaningful for applications requiring threshold-exceedance detection.

Practical Implications For operational air quality monitoring systems, these results

provide several actionable insights. First, using 24 hours of historical context optimizes

one-hour-ahead CO prediction accuracy (MAE: 0.457 mg/m³, 13.6% improvement over

XGBoost), capturing one complete diurnal cycle that provides essential context for short-

term forecasting and real-time alert systems. Second, GRU’s consistent 6.6–13.6% advan-

tage across all window sizes (6–96 hours) demonstrates robust performance that reduces the

need for application-specific window tuning, simplifying operational deployment. Third, the

moderate R² values (0.64–0.72) achieved by both models indicate that substantial further

improvements would likely require richer feature sets, such as incorporating meteorological
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Figure 6.6: Sample predictions for air quality dataset using 24-hour historical context win-
dow.

conditions, traffic patterns, or spatial data from nearby monitoring stations, rather than

purely architectural refinements.

6.6.2 Bike Sharing Dataset

Performance Metrics

We evaluated GRU and XGBoost models for hourly bike sharing demand prediction using

the Capital Bikeshare dataset with varying amounts of historical context (3 to 96 hours).

Table 6.4 presents the complete performance evaluation across all tested window sizes. All

models perform one-step-ahead prediction (predicting hour t+1 given hours t-L+1 to t).

We report Root Mean Squared Log Error (RMSLE) in addition to standard metrics, as it

is the conventional evaluation metric for bike sharing demand forecasting benchmarks.

GRU consistently outperformed XGBoost across all tested window sizes, achieving MAE

values ranging from 85.22 to 92.65 bikes compared to XGBoost’s 95.40 to 99.56 bikes.

The relative improvement ranged from 5.4% at the 96-hour window to 11.8% at the 72-

hour window, with an average advantage of 8.5% across all windows. This represents a

more modest advantage compared to the air quality domain (10.1% average), suggesting

that bike sharing’s strong periodic patterns are more amenable to tabular representations.



120

Both models achieved moderate explanatory power with R² scores between 0.58 and 0.68,

reflecting the challenging nature of capturing the high variability in urban bike demand.

The optimal performance for GRU occurred at the 72-hour window (MAE: 85.22, RMSE:

123.65, R²: 0.684), while XGBoost performed best at the longest 96-hour window (MAE:

95.40, RMSE: 136.45, R²: 0.615). Unlike the air quality dataset where performance de-

graded at longer windows, both models here benefited from extended historical context,

with GRU improving 8.0% from the 3-hour to 72-hour window and XGBoost improving

2.8% from the 3-hour to 96-hour window.

Table 6.4: Bike sharing demand forecasting performance across historical context window
sizes

Window GRU XGBoost Improv.

(hours) MAE RMSE RMSLE R² MAE RMSE RMSLE R² (%)

3 92.65 132.18 0.533 0.641 98.15 139.82 0.559 0.598 5.6

6 89.15 126.35 0.525 0.671 98.55 140.56 0.556 0.593 9.5

12 90.84 129.98 0.560 0.652 99.56 142.11 0.573 0.584 8.8

24 91.14 131.07 0.579 0.646 98.04 139.81 0.556 0.597 7.0

48 85.91 124.56 0.527 0.679 96.58 137.86 0.559 0.607 11.1

72 85.22 123.65 0.542 0.684 96.61 138.46 0.578 0.603 11.8

96 90.29 127.47 0.570 0.664 95.40 136.45 0.572 0.615 5.4

Mean 89.32 127.89 0.548 0.662 97.55 139.29 0.565 0.600 8.5

Note: MAE and RMSE reported in bike counts (original scale after inverse log trans-

formation). RMSLE (Root Mean Squared Log Error) included as standard metric

for bike sharing benchmarks. Improvement calculated as (XGB MAE - GRU MAE)

/ XGB MAE × 100%. Best GRU performance highlighted in bold.

Analysis

Window Size Effects Figure 6.7 shows model performance across historical context

window sizes. Both models demonstrated a clear preference for longer lookback windows,
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with performance generally improving from 3 to 72-96 hours. GRU achieved its optimal

performance at the 72-hour window, capturing three complete daily cycles of bike demand

patterns. This contrasts with the air quality dataset, where the 24-hour (single-cycle)

window was optimal, suggesting that bike sharing demand benefits from observing multiple

days of usage history to capture weekly patterns and day-to-day variations in commuter

behavior.

The improvement trajectory reveals interesting differences between architectures. GRU’s

MAE decreased consistently from 92.65 bikes at 3 hours to 85.22 bikes at 72 hours (8.0%

improvement), before slightly degrading to 90.29 bikes at 96 hours. XGBoost showed more

gradual improvement, declining from 98.15 bikes at 3 hours to 95.40 bikes at 96 hours (2.8%

improvement), with relatively flat performance across the 48-96 hour range. This pattern

indicates that GRU leverages extended temporal context more effectively, while XGBoost

experiences diminishing returns as the lag feature space expands beyond approximately 48

hours.

Figure 6.7: Bike sharing demand forecasting performance across historical context window
sizes. (a) MAE and R² metrics. (b) RMSE and R² metrics. Solid lines show error metrics
(left axis), dashed lines show R² (right axis).
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Sequential vs. Tabular Processing The 8.5% average GRU advantage, while con-

sistent across all windows, is smaller than the 10.1% advantage observed in air quality

forecasting. This narrower gap reflects the fundamental characteristics of bike sharing de-

mand: highly regular diurnal and weekly patterns that tree-based models can effectively

capture through lag-based features. The strong 24-hour and 168-hour (weekly) periodicities

in urban bike usage create clear structural patterns that XGBoost’s tree partitioning can

identify without requiring sequential processing.

However, GRU’s advantage becomes more apparent at intermediate-to-long windows

(48-72 hours), achieving 11.1-11.8% improvements. At these scales, the sequential model

can integrate information across multiple daily cycles, learning how demand evolves from

weekday to weekend patterns or how weather trends over 2-3 days affect usage. XGBoost,

treating each lag independently, must rely on explicit interactions learned through tree

splits, which becomes increasingly difficult as the feature space grows with window size.

The R² scores reveal an interesting pattern: XGBoost achieves lower variance-explained

(0.58-0.62) than GRU (0.64-0.68) despite having access to identical information. This sug-

gests GRU’s recurrent processing captures more of the systematic variation in bike demand,

particularly the complex interactions between time-of-day, day-of-week, and recent usage

trends that define urban mobility patterns.

Peak Underprediction Pattern An obvious limitation shared by both models is the

systematic underprediction of peak demand periods. Figure 6.8 illustrates this behavior over

a representative 500-hour test period using the optimal 72-hour window. While both models

successfully capture the regular diurnal pattern with clear morning and evening commute

peaks and overnight valleys, they consistently underestimate the magnitude of high-demand

periods. True demand peaks frequently reach 800-900 bikes, yet both GRU and XGBoost

predictions plateau around 400-600 bikes, representing underprediction of 30-50% during

peak hours.

This pattern persists throughout the time series and appears consistent across different

demand levels and time periods. Notably, both models perform well during low-demand

periods (overnight hours with 0-100 bikes), accurately tracking the valleys in the diurnal
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Figure 6.8: Sample predictions for bike sharing dataset using 72-hour historical context
window.

cycle. The asymmetric error distribution—accurate low predictions but conservative high

predictions—suggests both architectures learn to avoid large errors by regressing toward the

mean, particularly during the volatile peak periods where prediction uncertainty is highest.

Several factors contribute to this systematic bias. First, the extreme peak-to-valley ra-

tio (16-18x difference between overnight lows and rush-hour peaks) creates a challenging

prediction space where models trained on MSE-based losses favor conservative predictions

that minimize squared errors. Second, despite including weather conditions (temperature,

humidity, weather situation), peak demand remains difficult to predict, suggesting that ei-

ther (a) the categorical weather encoding lacks sufficient granularity to capture the nuanced

conditions that drive extreme peaks, or (b) other unobserved factors such as special events

(holidays, sporting events, festivals, public transit disruptions) introduce irreducible un-

certainty that models handle by dampening peak predictions. Third, the sharp transitions

between low and high demand (demand can triple within 1-2 hours during morning rush) are

inherently difficult to predict, especially when constrained to produce non-negative outputs.

Prediction Quality and Error Structure Figure 6.9 provides additional insight into

model behavior through a scatter plot of predicted versus actual demand. The systematic

deviation from the y=x diagonal (perfect prediction line) becomes increasingly pronounced
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above 400 bikes, confirming that peak underprediction is not isolated to specific time periods

but represents a fundamental model characteristic. Both GRU (orange) and XGBoost (blue)

fitted lines show slopes substantially less than unity, indicating compression of the prediction

range relative to true demand variability.

Figure 6.9: Predicted vs. actual bike demand for 72-hour historical context window.

Importantly, GRU’s fitted line lies closer to the ideal y=x diagonal than XGBoost’s,

quantifying the 8.5% MAE advantage observed in Table 6.4. While both models exhibit sim-

ilar qualitative behavior—accurate at low/moderate demand, conservative at peaks—GRU

produces predictions that extend slightly higher into the peak range, capturing more of the

true demand variability. This difference, though modest, represents a meaningful improve-

ment for operational planning where underestimating peak demand by 30% versus 40%
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translates directly to service quality through bike availability.

The scatter plot also reveals heteroscedasticity in prediction errors: variance increases

substantially with true demand levels. At low demand (<200 bikes), predictions cluster

tightly around actual values with errors typically under 50 bikes. At high demand (>600

bikes), prediction errors can exceed 200-300 bikes. This pattern suggests that while both

models have learned the general demand structure, they lack the information or represen-

tational capacity to confidently predict the specific magnitude of peak periods.

Practical Implications For operational bike sharing systems, these results provide sev-

eral important insights. First, incorporating 72 hours (three full days) of historical demand

data optimizes prediction accuracy for one-hour-ahead forecasts, achieving 11.8% better

performance than tree-based alternatives. This multi-day window captures both daily pat-

terns and day-to-day variations (weekday vs. weekend, weather trends), providing essential

context for short-term demand forecasting used in rebalancing operations.

Second, the systematic peak underprediction revealed in Figures 6.8 and 6.9 has di-

rect operational implications. Rebalancing systems that rely solely on predicted demand

will systematically underestimate bike requirements during rush hours, potentially leading

to stock-outs at popular stations. Operators should consider applying empirically-derived

correction factors (e.g., multiplying predicted peak demand by 1.3-1.5x) or implementing

conservative safety buffers that increase with predicted demand levels.

Third, the moderate R² values (0.58-0.68) and substantial peak prediction errors in-

dicate limitations beyond architectural choice. Despite incorporating weather conditions

(temperature, humidity, weather situation categories) and temporal features (hour, day,

season, holidays), both models struggle with peak periods. Potential improvements could

include: (1) more granular weather information (e.g., real-time precipitation intensity, wind

gusts, ”feels-like” temperature that better captures cycling comfort), (2) special event in-

dicators (sporting events, concerts, festivals that drive non-routine demand spikes), (3)

spatial features capturing station-specific characteristics and neighborhood effects, and (4)

external signals such as public transit disruptions. Our results establish that GRU provides

consistent advantages over tree-based approaches even with standard weather features, but
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both architectures face fundamental challenges in predicting volatile peak demand driven

by factors beyond routine patterns.

6.6.3 Rossmann Store Sales Dataset

Performance Metrics

We evaluated GRU and XGBoost models for daily sales prediction across 100 Rossmann

drugstores with varying amounts of historical context (7 to 120 days). Table 6.5 presents

the complete performance evaluation across all tested window sizes. All models perform

one-step-ahead prediction (predicting day t+1 given days t-L+1 to t). We include a naive

baseline using Last Week Same Day (LWSD) persistence forecasting, predicting that tomor-

row’s sales will equal the same day last week, to contextualize model performance relative

to simple heuristics commonly used in retail operations.

GRU substantially outperformed both XGBoost and the baseline across all tested win-

dow sizes, achieving MAE values ranging from 984 to 1,160 EUR compared to XGBoost’s

1,166 to 1,726 EUR and the baseline’s consistent 1,998 EUR. Relative to XGBoost, GRU’s

advantage ranged from 1.5% at the 14-day window to 36.2% at the 120-day window, with

an average improvement of 18.8%. Both neural and tree-based models delivered substantial

improvements over the naive baseline, reducing MAE by 40-51% (GRU) and 14-42% (XG-

Boost), demonstrating that both architectures successfully learned temporal sales patterns

beyond simple weekly periodicity.

The optimal performance for GRU occurred at the 91-day window (MAE: 984, RMSPE:

18.5%, R²: 0.759), capturing approximately three months of historical sales patterns. This

window provides sufficient context to learn both short-term promotional effects and longer-

term seasonal trends while avoiding the performance degradation observed at very long

windows. XGBoost achieved its best MAE at the 91-day window as well (1,166 EUR),

though notably, its highest R² occurred at the 14-day window (0.793), suggesting different

window sizes optimize for different aspects of prediction quality. The substantial test set

size (16,433 daily sales observations across 100 stores) provides strong statistical evidence

for the reliability of these performance differences. The GRU’s optimal RMSPE of 18.5%
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represents substantial improvement over the 39.3% baseline, achieving less than half the

naive forecasting error and demonstrating the effectiveness of sequential architectures for

retail sales prediction.

Table 6.5: Rossmann store sales forecasting performance across historical context window
sizes

Window ntest GRU XGBoost Baseline (LWSD)

(days) MAE RMSPE R² MAE RMSPE R² MAE RMSPE R²

7 16,433 1,072 19.5% 0.736 1,436 25.4% 0.703 1,998 39.3% 0.472

14 16,433 1,160 24.5% 0.738 1,177 22.1% 0.793 1,998 39.3% 0.472

28 16,433 1,048 19.7% 0.746 1,292 23.4% 0.757 1,998 39.3% 0.472

56 16,433 1,063 19.0% 0.740 1,297 23.4% 0.753 1,998 39.3% 0.472

84 16,433 1,119 19.4% 0.716 1,197 22.3% 0.782 1,998 39.3% 0.472

91 16,433 984 18.5% 0.759 1,166 21.8% 0.792 1,998 39.3% 0.472

120 16,433 1,102 20.7% 0.724 1,726 30.3% 0.588 1,998 39.3% 0.472

Mean 16,433 1,078 20.2% 0.737 1,327 24.1% 0.724 1,998 39.3% 0.472

Note: MAE reported in EUR (original scale after inverse log transformation). RM-

SPE: Root Mean Squared Percentage Error. All models evaluated on 100 stores with

≥85% data completeness. Best GRU performance and XGBoost’s best R² highlighted

in bold.

Analysis

Window Size Effects Figure 6.10 illustrates model performance across historical context

window sizes. Both GRU and XGBoost demonstrate complex, non-monotonic relationships

between window size and prediction accuracy, contrasting sharply with the simpler patterns

observed in air quality and bike sharing datasets. GRU performance improves from the 7-

day window (MAE: 1,072) to reach its optimum at 91 days (MAE: 984), representing an

8.2% improvement. However, extending the window further to 120 days results in modest

degradation to 1,102 EUR, suggesting diminishing returns from excessively long historical
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context.

Figure 6.10: Rossmann sales forecasting performance across historical context window sizes.
(a) MAE and R² metrics. (b) RMSPE and R² metrics. The 14-day window represents an
anomaly where XGBoost achieves its highest R² despite moderate MAE.

XGBoost exhibits even greater window size sensitivity. Performance varies substantially

across the 7-91 day range, with MAE fluctuating between 1,166 and 1,436 EUR. The model

achieves its lowest MAE at 91 days but paradoxically attains its highest R² (0.793) at the

much shorter 14-day window, a pattern suggesting that variance explanation and abso-

lute error minimization optimize at different scales for tree-based models. Most notably,

XGBoost experiences dramatic performance collapse at the 120-day window, with MAE

jumping 48% to 1,726 EUR and R² plummeting from 0.792 (at 91 days) to 0.588. This

failure mode demonstrates a fundamental limitation of lag-based feature representations

when the feature space becomes excessively large.

The 91-day optimal window for GRU aligns well with retail forecasting requirements.

Three months of historical data captures quarterly seasonal patterns (e.g., summer vs.

winter sales trends), promotional campaign cycles, and sufficient examples of each day-of-

week under varying conditions. This window is substantially longer than the 24-72 hour

optima observed in air quality and bike sharing, reflecting the different temporal scales

of retail sales dynamics where weekly and monthly patterns dominate rather than purely



129

diurnal cycles.

Sequential vs. Tabular Processing The 18.8% average GRU advantage over XGBoost

represents the largest improvement observed across our three datasets, exceeding both air

quality (10.1%) and bike sharing (8.5%) domains. This superior performance occurs de-

spite retail sales being a domain where tree-based models traditionally excel, suggesting

that the per-store temporal modeling approach employed here plays particularly well to

GRU’s strengths. The recurrent architecture’s ability to maintain hidden state across se-

quences proves valuable for tracking store-specific trends, promotional effects, and seasonal

progressions that unfold over weeks to months.

However, the advantage varies dramatically with window size. At the 14-day window,

GRU and XGBoost perform nearly identically in terms of MAE (1,160 vs. 1,177 EUR,

a mere 1.5% difference), with XGBoost actually achieving superior variance explanation

(R²: 0.793 vs. 0.738). This suggests that for relatively short forecasting contexts, tree-

based partitioning of lagged features captures the relevant patterns adequately. The GRU

advantage emerges most strongly at longer windows: 25.3% at 7 days, 18.8% at 28 days,

and a massive 36.2% at 120 days. This pattern indicates that sequential processing becomes

increasingly valuable as the temporal context extends, allowing GRU to selectively attend

to relevant historical periods while XGBoost struggles with the expanding lag feature space.

The incorporation of store embeddings provides GRU with a critical architectural ad-

vantage for this multi-store forecasting task. Rather than relying on one-hot encoded store

identities or hand-crafted store features, the model learns compact representations (4-16

dimensions, tuned via hyperparameter optimization) that capture store-specific character-

istics through end-to-end training. These embeddings allow the model to rapidly adapt its

predictions based on which store is being forecast, effectively learning a shared temporal

model with store-specific adjustments. XGBoost, using one-hot encoded store identities,

must learn separate decision rules for each store through tree splits, a less efficient approach

that becomes increasingly difficult as the number of stores grows.
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The 120-Day Collapse XGBoost’s dramatic performance degradation at the 120-day

window warrants detailed examination. The MAE increases from 1,166 EUR (91 days)

to 1,726 EUR (120 days)—a 48% degradation that brings performance closer to the naive

baseline (1,998 EUR) than to the model’s own performance at adjacent window sizes. Si-

multaneously, R² collapses from 0.792 to 0.588, indicating the model explains barely more

than half the variance in sales, down from nearly 80% at shorter windows. This catastrophic

failure reveals a systematic limitation of lag-based tree models rather than a dataset-specific

anomaly.

The mechanism underlying this collapse likely involves feature space explosion combined

with pattern dilution. At 120 days, XGBoost must process 120 lagged values for each contin-

uous feature (sales, temperature, humidity, etc.), resulting in a feature space with hundreds

of dimensions. Tree-based models split on individual features independently, meaning the

model must discover which specific lags (or combinations thereof) are predictive through

recursive partitioning. With 120 lags, many are likely irrelevant or redundant, injecting

noise that degrades tree quality. Additionally, the optimal trees grown on training data

may overfit to spurious patterns in the extended lag space, failing to generalize to test data.

The regularization hyperparameters (tuned via Optuna) apparently cannot prevent this

degradation, as evidenced by strong performance at 91 days collapsing just 29 days later.

In contrast, GRU’s performance at 120 days (MAE: 1,102, R²: 0.724) remains reason-

able, representing only 12% degradation from its 91-day optimum. The recurrent architec-

ture processes temporal sequences through hidden state updates rather than independent

lag features, allowing it to learn which historical information to retain and which to discard

through gating mechanisms. The attention mechanism over the competency window pro-

vides additional capability to focus on relevant time periods, preventing the dilution effect

that plagues fixed-lag representations. This architectural robustness to extended context

represents a key advantage for scenarios where the optimal temporal window is unknown

or varies across different prediction contexts.

Store Embedding Analysis To understand what the GRU learned through its store em-

beddings, we analyzed the 12-dimensional embedding space from the optimal 91-day window
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model. Figure 6.11 displays the embedding values across all 100 stores. The heatmap reveals

clear structural patterns rather than random representations: certain dimensions (notably

D3, D11, and D12) show particularly strong positive or negative activations for specific

store groups, suggesting they encode interpretable characteristics such as sales volume tier,

volatility, or promotional sensitivity.

Figure 6.11: Heatmap of learned 12-dimensional store embeddings for 100 Rossmann stores.
Each row represents one store’s complete embedding vector.

Principal component analysis (Figure 6.12) reveals that despite the 12-dimensional em-

bedding space, the effective dimensionality is substantially lower: four components capture

approximately 90% of variance, and six components approach 95%. This dimensional redun-
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Figure 6.12: Cumulative variance explained by principal components of store embeddings.

dancy indicates the embeddings represent stores along a compact manifold rather than uti-

lizing the full 12-dimensional space. The combination of structured patterns in the heatmap

and low intrinsic dimensionality provides strong evidence that the model discovered mean-

ingful store-level features during training rather than simply memorizing individual store

identities.

To validate that embedding similarity corresponds to actual sales pattern similarity, we

examined specific store pairs from opposite ends of the distance spectrum (Figure 6.13).

Stores 676 and 948, with small Euclidean embedding distance (0.40), exhibit highly corre-

lated sales patterns (r = 0.960). Their time series track nearly identically, with synchro-

nized weekly cycles, comparable sales volumes (8,000-14,000 EUR range), and coordinated

responses to promotional periods. The scatter plot of Store 948 sales versus Store 676 sales

clusters tightly around the identity line, confirming their behavioral similarity.

Conversely, stores 335 and 530, with a large embedding distance (1.74), show fundamen-

tally different characteristics. Store 335 operates at high volume with substantial volatility

(15,000-25,000 EUR daily sales), displaying large amplitude weekly cycles and pronounced

promotional spikes. Store 530 maintains consistently low, stable sales (3,000-8,000 EUR),

with much smaller absolute variation and muted response to weekly patterns. Their scat-

ter plot shows no coherent relationship (r = -0.062), with Store 530’s sales remaining flat
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Figure 6.13: Validation of learned store embeddings through sales pattern similarity. (a)
Time series for stores with similar embeddings (Euclidean distance = 0.40). (b) Scatter
plot confirms strong correlation (r = 0.960) between similar stores. (c) Stores with distant
embeddings (distance = 1.74). (d) Scatter plot reveals negligible correlation (r = -0.062)
between distant stores.
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across Store 335’s full range. This demonstrates that Euclidean distance in embedding space

meaningfully corresponds to similarity in actual sales behavior, validating the embeddings’

utility for capturing store-level characteristics that inform forecasting.

Practical Implications For operational retail forecasting systems, these results provide

several valuable insights. First, incorporating 91 days (approximately three months) of his-

torical sales data optimizes one-day-ahead prediction accuracy, achieving 50.8% improve-

ment over naive baseline and 15.6% improvement over tree-based alternatives. This window

captures quarterly seasonal patterns and sufficient examples of promotional effects while

avoiding the performance degradation that arises with excessively long contexts. Opera-

tional systems should prioritize this medium-term historical window rather than attempting

to incorporate all available data, which our results show can actively harm tree-based model

performance.

Second, the learned store embeddings provide a valuable byproduct of GRU training

that could inform business operations beyond forecasting. Stores with similar embeddings

(small Euclidean distance) exhibit comparable sales patterns and may benefit from coor-

dinated inventory management, shared promotional strategies, or similar staffing models.

The compact 4-5 dimensional structure underlying the embeddings (as revealed by PCA)

suggests a small number of fundamental store characteristics drive most sales variation,

potentially corresponding to factors such as location type (urban vs. suburban), customer

demographics, competitive environment, or store size. Understanding these latent factors

could guide strategic decisions about store clustering, regional management structure, or

targeted interventions for underperforming locations.

Third, the dramatic failure of tree-based models at 120 days (48% performance degra-

dation) highlights risks in operational deployment. Systems that automatically adjust their

lookback windows or aggregate features across varying time scales could inadvertently trig-

ger catastrophic failures if lag counts exceed model capacity. This argues for either: (1)

constraining tree-based models to shorter, validated windows (≤91 days for this dataset),

or (2) adopting recurrent architectures that demonstrate robustness across extended tem-

poral contexts. The GRU’s slight degradation at 120 days (only 12% worse than optimal)
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compared to XGBoost’s collapse suggests sequential models provide safer operational char-

acteristics for production systems where context window requirements may evolve.

Finally, both models’ substantial improvements over the 39.3% RMSPE baseline demon-

strate that even minimal feature engineering (temporal encodings, competition information,

promotional indicators) can improve sales forecasting when paired with appropriate archi-

tectures. Organizations currently relying on naive heuristics like ”last week same day” could

realize 40-50% error reductions through model-based forecasting, translating directly to im-

proved inventory positioning, labor scheduling, and customer service levels. The consistency

of both models’ performance across 16,433 test predictions provides strong evidence that

these improvements could be attainable in operational deployment.

6.6.4 Cross-Dataset Synthesis

The preceding analyses demonstrated that GRU consistently outperforms XGBoost across

three diverse forecasting domains: environmental monitoring (Air Quality), transportation

demand (Bike Sharing), and retail sales (Rossmann). However, the magnitude of this ad-

vantage varied substantially (from 8.5% in Bike Sharing to 18.8% in Rossmann), and mani-

fested differently depending on dataset characteristics and window size choices. This section

synthesizes findings across all three datasets to identify the underlying principles governing

when and why sequential architectures provide meaningful improvements over tree-based ap-

proaches for time series forecasting with minimal feature engineering. Table 6.6 summarizes

key performance characteristics and dataset properties, revealing systematic relationships

between domain characteristics, optimal window sizes, and relative model performance.

Consistency of GRU Superiority Across all three domains, temporal resolutions, and

window sizes tested, GRU demonstrated superior MAE across all 20 window configurations

(6 air quality + 7 bike sharing + 7 Rossmann)—though the 14-day Rossmann window

showed the smallest margin (1.5%), with XGBoost achieving higher R² at that window

despite higher absolute error. This consistency is remarkable given the substantial differ-

ences in domain characteristics: air quality involves smooth atmospheric pollutant dynamics

with moderate diurnal variation; bike sharing exhibits extreme demand volatility with very
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Table 6.6: Cross-dataset performance summary and characteristics

Characteristic Air Quality Bike Sharing Rossmann

Domain Environmental Transportation Retail

Temporal Resolution Hourly Hourly Daily

Test Samples 1,848 ∼1,800 16,433

GRU Best Window 24 hours 72 hours 91 days

GRU Best MAE 0.457 mg/m³ 85.22 bikes 984 EUR

GRU Best R² 0.720 0.684 0.759

XGB Best Window 6 hours 96 hours 91 days

XGB Best MAE 0.527 mg/m³ 95.40 bikes 1,166 EUR

XGB Best R² 0.673 0.615 0.793*

Avg. GRU Advantage 10.1% 8.5% 18.8%

Advantage Range 6.6–13.6% 5.4–11.8% 1.5–36.2%

Signal Smoothness High Medium Medium

Peak:Valley Ratio ∼8x 16–18x Varies (3–8x)

Periodicity Strength Strong (24h) Very Strong Medium

(24h + 168h) (7d + seasonal)

Key Finding Stable across Peak under- XGB collapse

windows prediction at 120d

Note: MAE units vary by dataset (mg/m³, bike count, EUR). Advantage calculated

as mean improvement across all windows. *XGB’s best R² occurs at different window

(14d) than best MAE, indicating optimization trade-offs. Peak:valley ratios represent

typical cyclical variation ranges.
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strong periodic patterns; and retail sales combine multi-store heterogeneity with promo-

tional effects and seasonal trends.

The average performance advantage ranges from 8.5% (Bike Sharing) to 18.8% (Ross-

mann), with air quality falling in between at 10.1%. These differences are not merely sta-

tistical artifacts—the large test sets (1,800–16,433 samples) and consistent patterns across

multiple window sizes provide strong evidence that domain characteristics systematically

influence the relative effectiveness of sequential versus tree-based architectures. Impor-

tantly, even the smallest advantage (8.5%) represents meaningful improvement: for a bike

sharing system with 1,000 daily predictions, this translates to 85 fewer erroneous forecasts,

potentially preventing stock-outs at dozens of stations during peak demand periods.

The universality of GRU’s advantage suggests that sequential processing provides fun-

damental benefits for temporal prediction that tree-based approaches cannot fully replicate

through lag-based feature representations. Even in bike sharing, where strong 24-hour and

weekly periodicities might favor XGBoost’s ability to learn fixed lag patterns, the recurrent

architecture still demonstrates consistent superiority by better capturing the interactions

between different temporal scales and contextual factors. This finding has important im-

plications for practitioners: when choosing between architectures for time series forecasting

with minimal feature engineering, sequential models should be the default choice unless

specific constraints (interpretability requirements, computational limits, extremely short

sequences) favor tree-based alternatives.

Dataset Characteristics and Performance Patterns The magnitude of GRU’s ad-

vantage correlates systematically with specific dataset characteristics, revealing which tem-

poral prediction scenarios benefit most from sequential processing. The largest advantage

appears in the Rossmann retail dataset (18.8% average), which combines three key charac-

teristics: (1) long temporal dependencies spanning weeks to months rather than hours to

days, (2) multi-entity structure requiring the model to learn store-specific patterns while

sharing knowledge across stores, and (3) complex interactions between promotions, holi-

days, and seasonal trends that unfold over extended time periods. GRU’s architecture,

with learned store embeddings, attention mechanisms over long sequences, and recurrent
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hidden states, aligns naturally with these requirements.

The intermediate advantage in air quality forecasting (10.1%) corresponds to a domain

with smooth, continuous signals where temporal ordering matters but periodicities are rela-

tively simple. Atmospheric CO concentrations evolve gradually throughout the day, driven

by accumulation during traffic peaks and dispersion during low-activity periods. This

smooth temporal structure favors sequential processing, which can track the continuous

evolution of concentrations, over lag-based features that treat time-t-24 and time-t-25 as

independent variables despite their adjacent positions in the temporal flow. The absence of

extreme volatility (peak:valley ratios around 8x) also allows both models to achieve reason-

able absolute performance (R²: 0.66–0.72), but GRU’s sequential nature provides consistent

advantage in tracking the gradual diurnal progression.

The smallest advantage emerges in bike sharing (8.5%), despite this dataset having the

largest test set and the clearest periodic patterns. The very strong 24-hour and 168-hour

periodicities, with bike demand showing near-identical patterns on each weekday and sys-

tematically different weekend patterns, create a scenario where XGBoost’s lag-based features

can effectively capture much of the temporal structure. A tree model with lags at hours 24,

25, 48, 168, and 169 can learn“if it’s Monday morning and yesterday’s Monday morning was

high demand, predict high” without requiring sequential processing to understand tempo-

ral progression. However, even in this favorable scenario for tree-based models, GRU still

outperforms by better handling the interactions between time-of-day effects, recent weather

trends, and deviation from typical patterns—nuances that require sequential integration of

context rather than fixed lag patterns.

An interesting counter-pattern emerges in the bike sharing data: both models systemat-

ically underpredict peak demand by 30–50%, regardless of architecture. This shared failure

mode indicates some challenges transcending architectural choice and depending instead on

fundamental task characteristics: in this case, extreme peak:valley ratios (16–18x), sharp

transitions (demand tripling within 1–2 hours), and missing information about special events

driving non-routine peaks. The presence of such shared limitations provides important cal-

ibration for interpreting the GRU advantages observed elsewhere: sequential processing

improves handling of temporal dependencies but cannot overcome fundamental information
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deficits or inherent predictability limits of the domain.

Window Size Selection and Model Robustness The optimal historical context win-

dow varies systematically with the natural temporal scales of each domain, but importantly,

both architectures benefit from matching these scales, although they have different sensitiv-

ity to window choice. Air quality achieves optimal performance at 24 hours, one complete

diurnal cycle that allows models to leverage yesterday’s corresponding hour as a strong pre-

dictor while incorporating recent trends. Bike sharing prefers longer 72–96 hour windows

that capture multiple daily cycles and the beginning of weekly patterns, enabling the model

to distinguish weekday versus weekend behavior. Rossmann requires substantially longer

91-day windows (approximately three months) to capture quarterly seasonal patterns, pro-

motional cycles, and sufficient examples of each day-of-week under varying conditions.

However, the two architectures respond very differently to deviation from optimal win-

dows. GRU demonstrates graceful degradation, maintaining reasonable performance even

when windows are suboptimal. In air quality, performance varies only 11.6% across the 6–96

hour range; in bike sharing, the range is 8.6% across 3–96 hours. Even at the problematic

120-day window for Rossmann, GRU degrades only 12% from its 91-day optimum. This ro-

bustness has significant practical value: operational systems can tolerate some imprecision

in window selection without catastrophic consequences, and a single model configuration

may suffice for multiple prediction contexts with different natural temporal scales.

XGBoost exhibits much greater window sensitivity, particularly at extremes. Perfor-

mance fluctuates more across the tested range, and critically, the model experiences catas-

trophic failure when windows become excessively long. The Rossmann 120-day collapse,

where MAE jumps 48% and R² plummets from 0.79 to 0.59, provides clear evidence of

a fundamental limitation in lag-based feature representations. With 120 days of history,

the model must process 120 lagged values per feature, resulting in hundreds of dimensions

where most lags are likely irrelevant or redundant. Tree-based partitioning cannot efficiently

navigate this high-dimensional space, leading to overfitting on training data that fails to

generalize. This failure mode represents a critical operational risk: systems that adaptively

adjust window sizes or aggregate multi-scale features could inadvertently trigger dramatic
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performance degradation.

The window size patterns also reveal architectural trade-offs in computational efficiency

versus adaptation capability. XGBoost often performs reasonably at short windows (Air

Quality 6 hours, Rossmann 14 days), suggesting that when minimal historical context suf-

fices, tree-based models can achieve competitive accuracy with faster training and inference.

Conversely, GRU’s advantages emerge most strongly at longer windows where sequential

processing can selectively attend to relevant historical periods across extended time series.

This suggests a practical decision heuristic: for real-time systems requiring predictions every

few seconds based on recent history (e.g., sub-second sensor data), tree-based models may

suffice; for applications requiring hourly or daily predictions integrating weeks to months of

history, sequential architectures justify their additional computational cost.

Architectural Advantages and Failure Modes The consistent GRU superiority across

datasets stems from several architectural advantages inherent to recurrent processing of tem-

poral sequences. First, sequential models naturally preserve temporal ordering information

that lag-based representations discard. When XGBoost sees features representing time t-23,

t-24, and t-25, it treats these as independent dimensions in the feature space; the model can

learn that t-24 (yesterday same hour) is predictive, but it cannot inherently understand that

t-23 and t-25 bracket t-24 in a continuous temporal flow. GRU processes these sequentially

through hidden state updates, maintaining awareness that observations form an ordered

progression rather than unordered feature values.

Second, attention mechanisms and gating structures allow selective focus on the most

relevant historical context. In the air quality 96-hour window, not all 96 past observations

contribute equally to predicting the next hour—yesterday’s corresponding hour matters far

more than 83 hours ago. GRU’s attention weights (with temperature-scaled softmax, τ = 0.6

in our implementation) learn to emphasize relevant positions while discounting irrelevant

history. XGBoost achieves similar results only if regularization successfully prunes splits

on non-informative lag features, a less direct mechanism that struggles as dimensionality

increases. This explains why GRU maintains stable performance at 96-hour windows while

XGBoost degrades: the recurrent model explicitly learns what to remember and forget,
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whereas the tree model implicitly hopes regularization prevents overfitting to noise.

Third, learned embeddings in multi-entity scenarios (Rossmann stores) provide efficient

parameterization of entity-specific patterns. Rather than creating 100 one-hot encoded store

features, GRU learns compact 4–16 dimensional embeddings that capture store similarities

in latent space. Our analysis showed that stores with similar embeddings exhibit correlated

sales patterns (r=0.96), while distant embeddings correspond to fundamentally different

stores (r=-0.06). This demonstrates genuine feature learning rather than memorization.

XGBoost must learn store-specific patterns through tree splits on one-hot features, essen-

tially building separate subtrees per store—a parameter-inefficient approach that becomes

increasingly difficult as the number of entities grows. The store embedding advantage likely

explains much of GRU’s 18.8% superiority in Rossmann: efficient multi-entity modeling at

scale.

However, XGBoost offers counter-balancing advantages in specific scenarios. Tree-based

models provide direct interpretability through feature importance scores and decision paths,

valuable for domains where understanding why predictions deviate matters as much as ac-

curacy itself (e.g., explaining sales forecast changes to business stakeholders). Training

and inference speeds favor XGBoost substantially: our models typically trained 3–5x faster

than GRU and produced predictions nearly instantaneously versus GRU’s sequential infer-

ence that scales with sequence length. For applications requiring real-time predictions on

resource-constrained devices (e.g., embedded sensors), these computational differences may

dominate accuracy considerations. Additionally, XGBoost naturally handles missing data

and mixed feature types (categorical, continuous, ordinal) without preprocessing, whereas

neural networks require careful handling of missingness and heterogeneity.

The failure modes observed also inform architectural selection. XGBoost’s catastrophic

collapse at very long windows represents a hard constraint: these models cannot safely

process sequences beyond certain lengths without risking dramatic degradation. GRU avoids

this failure but exhibits different weaknesses: the models require careful hyperparameter

tuning (learning rates, dropout, architecture size), show sensitivity to initialization and

training dynamics, and can be difficult to debug when training dynamics are unstable or

predictions are sensitive to initialization. The systematic peak underprediction in bike
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sharing affected both architectures equally, suggesting that some limitations stem from

loss function design (MAE/MSE encourage conservative predictions) or fundamental task

difficulty rather than architectural choice.

Practical Implications These findings support several concrete principles for practi-

tioners selecting between sequential and tree-based architectures for time series forecasting.

Choose GRU or similar recurrent architectures when: (1) temporal dependencies extend

beyond 50–100 timesteps, where lag-based features become unwieldy; (2) the prediction

task involves multiple entities (stores, sensors, users) requiring efficient parameterization of

entity-specific patterns; (3) signal characteristics involve smooth continuous evolution where

temporal ordering matters beyond fixed periodicities; (4) extensive feature engineering is

impractical, time-consuming, or domain expertise is limited, as sequential models achieve

strong performance with minimal features through automatic temporal feature learning;

(5) robustness to varying window sizes is valuable, as sequential models degrade gracefully

rather than catastrophically; or (6) the application can tolerate longer training times and

sequential inference in exchange for improved accuracy.

Choose XGBoost or similar tree-based models when: (1) temporal dependencies are short

(fewer than 50 timesteps), where lag features remain manageable; (2) interpretability is crit-

ical, as feature importance and decision paths provide direct insight into prediction logic; (3)

computational constraints favor fast training and inference over marginal accuracy gains;

(4) the data contains strong periodic patterns with weak inter-period dependencies, where

fixed lag features can capture most relevant structure; or (5) operational considerations

like handling missing data and mixed feature types favor tree-based robustness. Addition-

ally, tree-based models serve as strong baselines even when ultimately deploying sequential

models in production: their fast training enables rapid iteration during exploratory analysis.

For scenarios falling between these extremes, hybrid approaches may be considered: XG-

Boost for short-term predictions (next 1–3 timesteps) based on recent context, with GRU

handling longer-horizon forecasts requiring extended historical integration. Alternatively,

XGBoost could generate lag-based features that GRU processes sequentially, combining

the feature extraction efficiency of trees with the temporal modeling capability of recur-
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rent networks. Our results suggest such hybrid approaches would likely improve upon pure

tree-based methods in all three domains studied, though they would add architectural com-

plexity.

Importantly, the consistent 8.5–18.8% improvements demonstrate that architectural

choice matters substantially even with minimal feature engineering. Practitioners invest-

ing effort in extensive feature creation, domain-specific preprocessing, or ensemble methods

should first ensure they have selected an appropriate base architecture. Applying sophisti-

cated feature engineering on top of XGBoost for long-sequence retail forecasting (as in our

Rossmann example) may yield smaller gains than simply adopting a sequential architecture

with basic features—architecture and feature engineering are complementary but not sub-

stitutable. Conversely, the fact that both architectures achieved 40–50% improvements over

naive baselines across all domains confirms that either approach, properly tuned, delivers

substantial value compared to simple heuristics.
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Chapter 7

CONCLUSIONS

This dissertation addresses a persistent disconnect between experience-based MRI oper-

ations management and the data-driven tools available to extract actionable insights from

MRI operational data, through a series of interconnected studies spanning workflow anal-

ysis, data integration, predictive modeling, and methodological validation. The chapters,

taken together, demonstrate that meaningful gains in MRI operational efficiency and pa-

tient access are achievable through careful application of data-driven methods, and that the

choice of analytical approach can matter as much as the availability of data.

Chapter 2 establishes the feasibility of a hub-and-spoke model for deploying MRI ex-

pertise across geographically distributed sites. By demonstrating that key radiology func-

tions can be performed remotely by experienced technologists while improving performance

metrics such as patient turnaround time and wait time, the study provides an empirical

foundation for a care delivery model that has since moved from feasibility study to pilot

implementation.

Chapter 3 extends this operational perspective by examining what scanner log files reveal

about workflow inefficiency. Through systematic analysis of modality log file variables, the

study identifies actionable sources of idle time and exam duration variability that are invis-

ible to EHR-based analyses alone, highlighting the value of machine-generated operational

data as a complement to clinical records.

Chapter 4 documents the structure, quality, and distributional properties of the EHR

data underlying the subsequent predictive work, characterizing exam-level duration vari-

ability across anatomy types and patient characteristics. Notably, clinical text embeddings

derived from result narratives using BioClinicalBERT are found to carry predictive signal

for exam duration, suggesting that unstructured EHR data contains operationally relevant

information beyond structured variables alone.
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Chapter 5 introduces a concordance-based validation framework for integrating EHR

and modality log file data. By combining fuzzy merging with Bland–Altman analysis and

concordance correlation coefficients, the framework raises the concordance correlation coef-

ficient from 0.34 to 0.87, substantially improving data quality for downstream modeling. A

Random Forest model trained on the validated dataset outperforms template-based schedul-

ing for 11 of 12 procedure codes, with mean absolute error reductions ranging from 2% to

57%, with the largest gains observed for high-variability procedures that most frequently

disrupt clinical schedules.

Chapter 6 addresses a methodological question with implications beyond MRI oper-

ations: under what conditions do sequential neural architectures outperform tree-based

models for temporal forecasting, particularly when feature engineering effort is constrained?

Evaluated across three established benchmark datasets—Air Quality, Bike Sharing, and

Rossmann Store Sales—GRU models consistently outperform XGBoost, with average advan-

tages ranging from 8.5% on the Bike Sharing dataset to 18.8% on Rossmann. These results

support the conclusion that learned temporal representations can effectively substitute for

manual feature engineering in forecasting tasks characterized by sequential dependencies,

and that tree-based methods, while powerful with extensive feature engineering, degrade

more sharply at longer temporal windows. This finding provides a principled methodolog-

ical foundation for future temporal modeling of MRI technologist competency, one of the

original research questions motivating this dissertation, when sufficient longitudinal data

become available.

This research has several limitations that warrant acknowledgment. First, all clinical

studies were conducted at a single academic healthcare system, which may limit general-

izability to community settings, alternative scanner vendors, or institutions with different

documentation workflows. Second, the competency modeling question that motivated Chap-

ter 6 could not be directly addressed with the available data which lacked the longitudinal

depth required to detect meaningful temporal signal; the benchmark validation represents

a necessary but not entirely sufficient step toward that goal. Additionally, the scheduling

model developed in Chapter 5 has not yet been validated in a live clinical environment, and

translating retrospective predictive improvements into measurable operational impact will
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require dedicated implementation studies.

Future work could pursue three directions. First, prospective validation and deploy-

ment of the scheduling model developed in Chapter 5, potentially integrated at the time

of order entry, would allow real-world assessment of effects on scanner utilization, technol-

ogist workload, and patient wait times. Second, prediction accuracy for high-variability

procedure codes may benefit from finer-grained data collection, particularly for those that

currently serve as umbrella terms aggregating clinically distinct exam types; disaggregat-

ing these codes or enriching the feature set with additional sources of variability such as

clinical indication and imaging sequences could meaningfully improve model performance.

Third, the NLP infrastructure developed in Chapter 4 could be extended toward automated

protocoling using clinical text from order narratives to recommend or assign imaging pro-

tocols, which is a task that currently depends heavily on radiologist time and expertise and

represents a natural next application of the text embedding work.

MRI operations sit at the intersection of clinical care, resource management, and patient

experience. This dissertation contributes a suite of analytical tools and empirical findings

that move that intersection toward greater efficiency, not through any single innovation,

but through the cumulative effect of better data, better models, and better understanding

of when each approach is warranted.
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