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ABSTRACT

OF MEN AND MACHINES: THE CHALLENGE OF INCREASING
DIAGNOSTIC PRECISION IN THE TURKISH HEALTH SYSTEM

KAYNAK, Mehtap Tugba
M.S., The Department of Economics
Supervisor: Assoc. Prof. Dr. Ilhan Can OZEN

September 2025, 151 pages

This thesis analyses underdiagnosis as a systemic cost and burden to the Turkish
healthcare system, analysing it through three dimensions of diagnostic capacity
strain: human, institutional, and technological. Building on Arrow’s (1963)
economics of uncertainty, underdiagnosis is examined as a systemic outcome of
asymmetric information, incentive misalignments, and constrained capacity,
reflecting the volumetric capacity increases and health system reforms experienced
by the Health Transformation Program increased access, but also intensified
pressures on physicians and institutions. Thus, while imaging volumes increased, the
marginal informational yield of additional scans was limited by overworked doctors,
uneven institutional structures, and variable machine quality. This paradox helps
explain why overutilization and underdiagnosis coexist as consequences of systemic
imbalance. Then, the empirical analysis combines nationwide patient- and hospital-
level datasets from 2015-2016 and 2019-2023. Logistic regression and instrumental
variable (IV) models estimate how physician workload, hospital tier, repeat MRI
behaviour, and machine quality affect the probability of underdiagnosis, measured
via ICD-10 R-coded diagnoses. Results indicate that higher daily patient loads,
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peripheral hospital environments, and low MRI quality significantly increase
diagnostic uncertainty. IV estimates further confirm that both physician workload
and repeat MRI rates causally elevate underdiagnosis probabilities. The findings
demonstrate that diagnostic precision is constrained simultaneously by human effort,
institutional structure, and technological reliability. Tiirkiye’s experience illustrates a
broader lesson: expanding access without embedding quality safeguards risks
entrenching inefficiency and underdiagnosis. Policy implications include
recalibrating performance incentives, ensuring adequate staffing, monitoring repeat
Imaging as a quality metric, and ensuring that access gains translate into real

improvements in patient outcomes.

Keywords: Underdiagnosis, Diagnostic Capacity, Health Economics, Magnetic

Resonance Imaging (MRI)
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INSAN VE MAKINELER: TURKIYE SAGLIK SISTEMINDE TANISAL
DOGRULUGU ARTIRMANIN ZORLUKLARI

KAYNAK, Mehtap Tugba
Yiiksek Lisans, Iktisat Bolimii
Tez Yéneticisi: Dog. Dr. ilhan Can OZEN

Eyliil 2025, 151 sayfa

Bu tez, yetersiz tantyr Tiirk saglik sistemine sistemik bir maliyet ve yiik olarak
inceleyerek, tani kapasitesi zorlanmasimin ii¢ boyutu olan insan, kurumsal ve
teknolojik boyutlar1 analiz etmektedir. Arrow'un (1963) belirsizlik ekonomisine
dayanarak, yetersiz tani, asimetrik bilgi, tegvik uyumsuzluklar1 ve kisith kapasitenin
sistemik bir sonucu olarak incelenmekte ve Saglik Donilisiim Programi'nin
deneyimledigi hacimsel kapasite artiglarin1 ve saglik sistemi reformlarini (erisimi
artirmakla birlikte hekimler ve kurumlar tizerindeki baskilar1 da yogunlagtirmistir)
yansitmaktadir. Dolayisiyla, goriintiileme hacimleri artarken, ek taramalarin marjinal
bilgi verimi, asir1 ¢alisan doktorlar, esitsiz kurumsal yapilar ve degisken makine
kalitesi nedeniyle sinirli kalmistir. Bu paradoks, asir1 kullanim ve yetersiz taninin
neden sistemik dengesizligin sonuglar1 olarak bir arada var oldugunu agiklamaya
yardimci olmaktadir. Ardindan, ampirik analiz 2015-2016 ve 2019-2023 yillarina ait
tilke ¢apindaki hasta ve hastane diizeyindeki veri setlerini birlestirmektedir. Lojistik
regresyon ve enstriimantal degisken (IV) modelleri, hekim is yiikii, hastane
kademesi, tekrarlayan MRI davranisi ve makine kalitesinin, ICD-10 R kodlu tanilar

araciligiyla olciilen yetersiz tani olasiligini nasil etkiledigini tahmin etmektedir.
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Sonuglar, daha yiliksek giinliik hasta yiiklerinin, ¢evresel hastane ortamlarinin ve
diisiik MRI kalitesinin tan1 belirsizligini 6nemli 6l¢iide artirdigin1 gostermektedir. IV
tahminleri ayrica hem hekim is yiikiinlin hem de tekrarlayan MRI oranlarinin
yetersiz tani olasiliklarini nedensel olarak artirdigini dogrulamaktadir. Bulgular,
tanisal kesinligin ayn1 anda insan ¢abasi, kurumsal yap1 ve teknolojik giivenilirlik
tarafindan kisitlandigini gostermektedir. Tiirkiye'nin deneyimi daha genis bir dersi
ortaya koymaktadir: Kalite giivencelerini yerlestirmeden erisimi genisletmek,
verimsizligi ve yetersiz taniyr daha da derinlestirme riskini tagimaktadir. Politika
uygulamalar1 arasinda performans tesviklerinin yeniden kalibre edilmesi, yeterli
personel saglanmasi, tekrarlayan goriintiilemenin bir kalite dlgiitii olarak izlenmesi
ve erisim kazanimlarinin hasta sonuclarinda gercek iyilestirmelere doniismesinin

saglanmasi1 yer almaktadir.

Anahtar Kelimeler: Tan1 Eksikligi, Tan1 Kapasitesi, Saglik Ekonomisi, Manyetik
Rezonans Goriintiileme (MRG)
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CHAPTER 1

INTRODUCTION

There is no doubt that health is one of the most important areas that has advanced the
most in human life with technology. On the one hand, together with widespread use
of advanced diagnostic imaging technologies as magnetic resonance imaging (MRI)
and computed tomography (CT), healthcare systems worldwide have witnessed a
significant development in diagnosis and treatment as making it easier and faster,
and treatment options are becoming more widely available. On the other hand, these
developments are also raising new concerns: Do additional diagnostic tools lead to
improved diagnoses, or do they occasionally create potential risks or new bottlenecks
as a result of their overutilization? All these concerns create the challenge of
improving diagnostic accuracy. This can be described as the paradoxical dichotomy
of diagnostic accuracy between human expertise and machine capacity, or quantity
and quality, or expanding access and ensuring accuracy. From this point on, the
thesis will examine how the situations that lead to this paradoxical dichotomy

develop through the factors of the rapid expansion of the Turkish health system.

Over the past two decades, many countries have expanded their health system
capacity through spending, infrastructure, technology, and workforce. On the human
capacity, according to OECD, the number of doctors increased from 2.9 million in
2001 to 3.5 million in 2011 and 4.3 million in 2021. This increase grew faster than
the population size, from 3.2 in 2011 to 3.7 in 2021. However, it highlights that the
increase in the number of doctors was 2.5 or fewer doctors per 1,000 people in
Tiirkiye among OECD countries (OECD, 2023, p. 176). In addition to human
capacity, physical infrastructure has also risen. In 2022, the average number of
hospital beds per 1,000 people in OECD countries was 4.3. The latest developments
in technological capacity are reported in OECD as how technology is demonstrated

1



in health systems as a key diagnostic tool and a significant cost driver. It is reported
that the majority of OECD countries have seen a sharp growth in the availability and
utilization of CT, PET, and MRI scanners; however, overutilization of these
diagnostic procedures provides no benefit to patients (OECD, 2023, p. 116). Thus,
rapid growth in MRI use has raised concerns about the potential for overutilization.
For example, in the United States, approximately 20% of advanced imaging studies
have been investigated as repetitive or of low clinical value (Hendee et al., 2010;
Collaetal., 2017).

In Tiirkiye, as in many countries, diagnostic technologies have become the backbone
of modern medicine. In this regard, Tiirkiye's healthcare system has experienced
significant expansion in its health system capacity through its infrastructure,
technology, and workforce in the recent two decades, consistent with the global
expansion trend. In particular, the use of MRI in Tiirkiye has increased sharply over
the last two decades. In 2015, Tiirkiye, Germany, the United States, Japan, and
France had the highest rates of MRI examinations per capita. All of them had more
than 100 MRI exams per 1,000 people among OECD countries, while Tiirkiye
ranked first with 144 scans, while the OECD average was 57 scans. While this
increase in utilization of MRI exams in the US was more than doubled between 2000
and 2015, it was tripled in Tiirkiye between 2008 and 2015. (OECD, 2017, p.170).
These shed light on the quantitative surge in healthcare capacity and access in

Tirkiye and suggest potential overutilization.

It is reported that there is increasing evidence that MRI scans are systematically
prescribed to patients with various health problems in Tiirkiye, resulting in
overutilization of MRI scans (OECD, 2017, p.170). This increase in MRI utilization
was also considered a multifaceted problem by the Turkish Radiology Association.
They highlight the problem of a low number of radiologists per population, with 5
radiologists per 100,000 people, which is approximately one-half to one-third of that
in most European countries. Thus, the combination of the low number of radiologists
and the high number of examinations demonstrates the high workload per
radiologist, which is required to report 200 or even 300 examinations per day.
(Turkish Radiology Association, 2018, p. 2).
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This heavy schedule forces radiologists to evaluate each trial in less than five
minutes, and this is significantly insufficient for a standard radiologic examination
and creates ‘examination intensity’, which makes the service unsustainable. As a
result, while radiologists work at risk, patients might face serious risks to diagnostic
reliability (Turkish Radiology Association, 2018, p. 2). This illustrates the quantity-

quality paradox in Tiirkiye: more is not always better in healthcare.

1.1. Research Problem

A critical consequence of overuse without adequate quality is the risk of
underdiagnosis (Newman-Toker, 2014). Underdiagnosis occurs as a result of
negligence or flawed actions during the diagnostic process and refers to situations
where a diagnosis is missed, resulting in delayed or missed diagnoses that are unclear
or nonspecific (p.44). Therefore, underdiagnosis has become a significant problem
because missed diagnoses and delays negatively impact both the quality and
efficiency of healthcare and patient outcomes. According to a US study,
approximately 5% of adults (12 million) experience a diagnostic error each year, and
nearly half of these errors have the potential to cause serious harm (Singh et al.,
2014, p. 729). Thus, the thesis is motivated by this quality challenge: the concern in
the Turkish health care system. Despite the widespread use of diagnostic
technologies and the increasing number of tests, many patients still face a lack of
definitive diagnosis for their conditions. This situation arises from the use of non-
specific diagnosis codes in disease definition. In this context, ICD-10 R *codes,
which specify "Symptoms, signsand abnormal clinical and laboratory findings, not
elsewhere classified (R00-R99)" are used for these undiagnosed conditions rather

than definitive disease diagnoses.

A recent study suggests that approximately 10-12% of all diagnoses fell into R codes
between 2016 and 2022 in Tiirkiye (Ulgii and Birinci, 2023). This indicates that one

' The International Classification of Diseases, 10th Revision (ICD-10) is the WHO’s alphanumeric
system for coding diagnoses. Chapter XVIII (R0O0-R99) is titled “Symptoms, signs and abnormal
clinical and laboratory findings, not elsewhere classified.” (e.g., RO7 chest/throat pain, R51
headache, R55 syncope) rather than a definitive disease diagnosis at that visit (CMS, 2024). In this
thesis, “R-codes” denote encounters recorded with symptom- or sign-based 1CD-10 codes and will be
used as a proxy for underdiagnosis.



in ten patients is not diagnosed with any specific disease. However, in a healthcare
system where the number of diagnostic technologies used for disease diagnosis is
constantly increasing and is widely used, the presence of R codes at a certain rate
reveals the problem of underdiagnosis, which raises the research question of this
thesis. Thus, the prevalence of over 10% of R codes in Tiirkiye demonstrates the
concerns regarding underdiagnosis. Each unresolved case not only burdens the
patient but also burdens the healthcare system through repeated visits and potentially
excessive resource use. In this context, another study shows that MRI scans are of
insufficient quality to make a diagnosis, requiring patients to undergo repeat imaging
or further investigations in Tiirkiye (Basar et al., 2019). As Arrow (1963) noted,
medicine is explained as adjustments to uncertainty regarding the prevalence of
illness and the effectiveness of treatment. Thus, there can be many tests and
procedures that cannot resolve the diagnosis uncertainty. Considering all these,
diagnostic precision is emerging as a new challenge for the health system in Tiirkiye.
Therefore, the first motivating question for this research is: Does the intensive use of
MRI in Tiirkiye actually lead to better diagnoses, or has overuse led to a prevalence

of underdiagnosis?

The economic impact of diagnostic quality serves as another driving force behind
this thesis. As an advanced imaging technology, the proliferation of MRIs is
expensive and has a significant budgetary impact on the healthcare system. However,
the low diagnostic yield from these scans represents a waste of resources and
opportunity costs. Inadequate diagnosis can lead to costs such as repeated scans and
increased specialist visits. Therefore, from a health economics perspective,
diagnostic quality has a direct impact on system efficiency. Here, this thesis is
guided by the following question: What are the economic costs of inadequate
diagnosis in the Turkish healthcare system, and conversely, could improving

diagnostic accuracy through higher-quality MRI lead to cost savings?

1.2. Literature Gaps

There are many studies in the literature that highlight the increasing use of medical

imaging technologies (Smith-Bindman et al., 2008; Larson et al., 2011; Wang et al.,
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2021; Nesemeier et al., 2023). This increase is attributed to factors such as increased
technology availability, increased patient and physician demand, and improvements
in reimbursement systems. However, this situation also brings with it the problem of
overutilization, which increases the costs of MRI and CT imaging utilization (Emery
et al., 2013). Reasons for overutilization include patient expectations and physician
concerns. Furthermore, many studies investigate the potential risks of overutilization
of imaging technologies. Some studies investigate how overuse leads to quality
issues in healthcare and leads to over-testing (Chassin and Galvin, 1998). Some
studies also indicate that the overuse of medical imaging is a significant factor in
increasing global healthcare expenditures (Armao et al., 2012; Bernardy et al., 2009;
Brownlee et al., 2017; Chassin and Galvin, 1998; Emanuel and Fuchs, 2008; Hendee
et al., 2010; Smith-Bindman et al., 2008). Other studies emphasize the importance of
ensuring and maintaining the quality of care in medical imaging services (Gadeka
and Esena, 2020).

Many studies have been published in the literature on Tiirkiye's health care reforms.
Many of these focus on quantitative improvements and health outcomes and describe
the Health Transformation Program's successes in expanding coverage, access, and
service utilization. For example, Tatar et al. (2011) and Atun et al. (2013) analysed
the HTP and emphasized achievements such as larger insurance coverage, increased

hospitalizations, improved equity in access, and improved patient satisfaction.

On the other hand, there are various studies on the adequacy of medical imaging
devices and diagnostic capacity in Tiirkiye. These studies are conducted to improve
the efficiency and quality of the country's healthcare system. In this context, some
studies focus on the distribution and use of medical imaging devices in hospitals,
thereby providing information on the adequacy and accessibility of these devices
(Semin et al., 2006; Songur and Top, 2016; Temiz and Kara, 2024). Some studies
also evaluate the performance of medical imaging devices in Tirkiye and their
impact on early disease diagnosis in terms of quality and performance. Such studies
emphasize the importance of effective device use and maintenance to improve the
quality of healthcare services (Ozen et al., 2022). On the other hand, there are few
qualitative analyses concerning the overutilization of examinations (Yildirirm &

Yildirim, 2011).



The thesis contributes to the literature by examining diagnostic uncertainty and
analysing the performance of diagnostic technologies, which have become
increasingly widespread both in Tiirkiye and the world in the past two decades. In
this context, unlike most studies in the literature, this study does not merely provide a
quantitative analysis of the number of services provided by diagnostic technologies
in healthcare. Instead, it analyses the effectiveness of these services, based on
underdiagnosis, under the influence of diagnostic capacity factors within the Turkish
healthcare system. Thus, it aims to examine the prevalence of underdiagnosis and the
resulting systemic and economic costs despite the increased use of MRI technologies
in the Turkish healthcare system.

1.2. Research Questions

Based on the above motivations, the thesis addresses several research questions
related to the high rate of MRI utilization and underdiagnosis in Tiirkiye. To this end,

the aim is to empirically evaluate the determinants of underdiagnosis in Tiirkiye

during 2015-2016:

RQ1: How can ‘diagnostic capacity’ be defined and measured in the Turkish
healthcare system, and how does this capacity vary by human, institutional,

technological, and regional factors?

RQ2: How do supply-side factors in the healthcare system affect diagnostic accuracy
and underdiagnosis rates under diagnostic capacity factors in the Turkish healthcare

system?

RQ3: How are MRI utilization and MRI quality related to underdiagnosis? What are
the impacts of MRI quality and MRI utilization levels on patient and system

outcomes in the Turkish healthcare system?

RQ4: What are the consequences of underdiagnosis for the health system,
particularly the economic costs and inefficiencies, and how are these outcomes

linked to capacity shortages or strain?



The study intends to close a gap in the literature on high imaging utilization and
diagnostic efficiency in a middle-income country setting by tackling these concerns.
Given the swift changes in the healthcare system, the growing involvement of the
private sector, and the particular difficulties in striking a balance between quality and
accessibility, the Turkish instance is especially instructive. The ultimate objective is
to obtain knowledge that can direct policy to maximize the use of MRIs by
optimizing their benefits in accurately detecting diseases while minimizing resource

loss and patient uncertainty brought on by underdiagnosis.

1.3. Research Contribution

This thesis will offer a thorough understanding of the connection between diagnostic
quality and capacity, determining its causes as well as its consequences, focusing on
the use of MRI in Tirkiye. First, it will introduce a methodological contribution: the
use of "R-code" as a quantitative indicator of underdiagnosis in hospital data. This is
the first study in Tiirkiye to measure underdiagnosis by looking at the proportion of
cases with ICD-10 R-coded diagnoses. Defining the underdiagnosis criterion allows
us to compare diagnostic performance across hospitals and regions in a standardized
manner. Second, the study contributes a causal analysis linking MRI utilization
quality to patient diagnostic outcomes in Tiirkiye: lower MRI quality significantly

increases underdiagnosis rates, suggesting affected by diagnostic capacity factors.

Following the introduction, the remainder of this thesis is organized as follows.
Chapter 2 analyses the capacity expansion of healthcare services driven by the
reforms under the Health Transformation Program. It develops a diagnostic capacity
framework in three dimensions: technological, human, and institutional, and
highlights regional disparities in healthcare delivery. Chapter 3 presents the
theoretical framework and reviews the literature on underdiagnosis in diagnostic
imaging. Based on Arrow's uncertainty theory, this chapter contextualizes

underdiagnosis through concepts such as supplier-induced demand?, defensive

? Supplier-induced demand (SID) refers to physicians influencing patients’ demand beyond clinical
necessity, largely due to financial or institutional incentives (Evans, 1974; McGuire, 2000). Classic
studies show how provider behavior and payment systems affect utilization (Fuchs, 1978; Gruber &
Owings, 1996; Clemens & Gottlieb, 2014), while recent work highlights SID in diagnostic imaging
(Zabrodina et al., 2020; Dreger et al., 2022). A detailed discussion will follow in Chapter 3.

7



medicine®, patient expectations, and capacity constraints. Chapter 4 describes the
data sources and empirical methodology. It details patient- and hospital-level
datasets covering the years 2015-2016 and 2019-2023, presents descriptive statistics
and visualizations, and describes the econometric approach, including logistic
regressions and instrumental variable (IV) models. Chapter 5 presents the
econometric models and results. It discusses logistic regression models of
underdiagnosis across human, institutional, and machine capacity dimensions,
followed by IV estimates that address potential endogeneity in physician workload
and MRI quality. Finally, Section 6 concludes by summarizing the key findings,
situating them within broader theoretical and policy debates, and outlining

implications for health system reforms and future research.

Defensive medicine refers to medical practices primarily motivated by physicians’ fear of
malpractice liability rather than by clinical necessity. The concept first appeared in academic literature
in the early 1970s (Hershey, 1972), gained prominence during the U.S. malpractice crises of the 1980s
(Office of Technology Assessment, 1994), and was later formalized into two main types: positive
defensive medicine (ordering unnecessary tests, referrals, or hospitalizations) and negative defensive
medicine (avoiding high-risk patients or procedures) (Kessler & McClellan, 1996). Empirical studies
such as Studdert et al. (2005) and Katz et al. (2005) demonstrated the widespread prevalence of
defensive practices and their tangible effects on diagnostic decision-making. A more detailed
discussion of defensive medicine will be provided in Chapter 3.
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CHAPTER 2

DIAGNOSTIC CAPACITY IN TURKIYE: EVALUATION OF THE
TURKISH HEALTHCARE TRANSFORMATION

This chapter reviews the institutional and operational context of diagnostic services
in Tirkiye’s healthcare system, examining how systemic constraints contribute to
underdiagnosis in imaging. Accordingly, the thesis will first outline the institutional
structure shaped by the Health Transformation Program (HTP), financing reforms,
and political factors. Then it will define a framework of diagnostic capacity under
human workforce, technology, institutional arrangements, and time resources, and
their application to Tiirkiye. Finally, it will examine the reasons behind the explosive
rise of MRI-based radiography, emphasizing policy reactions, overuse, and repeat
imaging. Throughout, we relate each factor to the thesis hypothesis that human,
technological, and institutional strain in the system impairs diagnostic accuracy and
leads to underdiagnosis.

2.1. Institutional Structure of Healthcare in Tiirkiye

This chapter analyses the reforms under the Health Transformation Program (HTP)
and the changes and impacts they introduced to the Turkish healthcare system. In this
context, it examines the HTP's objectives and achievements, along with criticisms of
its implementation. The role of performance-based incentives is also discussed

alongside the HTP program.

Thus, this section will cover the transformation of Tirkiye's healthcare system,
focusing on the structural factors behind the proliferation of diagnostic imaging,
particularly MRI technologies.



2.1.1. Institutional Reforms and the Health Transformation Program

The Health Transformation Program (HTP) launched in 2003 was a comprehensive
reform initiative to address the problems in the health sector, including: ii) lagging
health outcomes compared to other OECD and middle-income countries; iii)
inequitable access to health services; iv) fragmented structure in health service
financing and delivery, leading to inefficiency and undermining financial
sustainability; and iv) low service quality and limited responsiveness to patients. In
this regard, the program aimed to make the health system more effective by
improving governance, efficiency, user and provider satisfaction, and long-term
financial sustainability (OECD, 2008, p.36).

In this context, HTP reforms can be analysed as institutional and organizational
changes, financial changes, and service utilization reforms: Institutional and
organizational changes include the restructuring of the Ministry of Health, the
establishment of a General Health Insurance System (GHI) that combine the SSK,
Bag-Kur, “Emekli Sandig1” (Retirement Fund), and Green Card programs under the
Social Security Institution (SSI) system, granting autonomy to public hospitals and
establishing a strong preventive and primary health care system based on the family
medicine model (OECD, 2008, p.36).

Financial reforms include increasing health spending, expanding health insurance
coverage, introducing the performance-based payment system, and merging health
insurance programs into a unified universal health insurance system. In this context,
the Green Card system was eliminated, and the poor population was integrated into
the universal health insurance system with the implementation of the Social Security
and Universal Health Insurance Law in October 2008. Green Card holders officially
joined the General Health Insurance Scheme (GHI) (Atun et al.2013). As a result,
insurance coverage increased from 64% to 98% of the population. (Giirsoy, 2014;
Okcan and Cakar, 2015). World Bank studies noted that these changes resulted in
better financial protection for the poor and equity gains (Aran and Rokx, 2014).
Service delivery reforms primarily focused on expanding primary healthcare

services, hospital capacity, and services. In this context, first, HTP launched a
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primary health care model centred on family medicine. With this model, each family
physician provided a range of services to a maximum of 4,000 registered citizens. In
addition, Public-Private Partnerships (PPPs) were implemented in hospital
construction to expand hospital capacity. This led to the development of "City
Hospital" models, where private companies construct, equip, and maintain the
facilities, while the Ministry of Health provides clinical services. Furthermore, a
performance-based supplementary payment (PBSP) system was introduced to
increase efficiency and reduce waiting times (Vujicic et al., 2009). This system
rewarded physicians and hospitals based on service volume and efficiency scores for
Imaging, surgical, and outpatient consultations. Additionally, innovations were made
in health information systems. For example, a nationwide electronic health record

system, "e-Pulse”, was launched (Atun et al.2013).

With all these reforms, the HTP addressed some inequalities by improving access
and patient satisfaction metrics. Furthermore, the HTP fundamentally restructured
the healthcare system through market mechanisms to increase efficiency and private
sector participation. The program embraced public-private partnerships and
competitive procurement processes, encouraged private hospital growth, and

implemented performance-based financing.

2.1.2. Performance-Based Payments and the Rise of Pay-for-Service

Firstly, the performance-based payment system was implemented to encourage job
motivation and productivity among public sector health personnel.in MoH hospitals
in 2004 (Atun et al. 2013; Vujicic et al., 2009). This system introduced financial
bonuses for physicians and hospital departments based on increased patient visits,
procedures, and diagnostic test volume. Within this framework, MRI and CT scans
became the focus of this incentive structure because they are high-cost and billable
procedures. Because the reward system is directly linked to service volume, it
created a favourable environment for supplier-induced demand (Okgan and Cakar,
2015; Sparkes, 2015). This has raised many concerns. The WB study notes that
PBSP encourages unnecessary procedures and reduces the quality and safety of
healthcare (Aran and Rokx, 2014, p.10). Some also argued that PBSP sometimes
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pressures physicians to increase efficiency at the expense of quality (Yildirim &
Yildirim, 2011). In addition, Turkish Medical Association surveys have revealed that
most physicians believe the PBSP mechanism leads to more unnecessary diagnoses
and even an increased risk of malpractice (Turkish Medical Association Ethical
Committee, 2009). Aktas et al. (2023), based on qualitative interviews with
physicians, report that physicians respond to performance-based payment incentives
by “selecting” high-volume cases and even “upcoding” patient diagnoses to meet

targets.

Imaging services are reimbursed according to a national fee schedule known as the
Health Practice Guideline (SUT). The SUT lists standard prices for all medical
procedures. According to this practice, there is a fixed reimbursement rate for an
MRI of a specific body part, as stated in the SUT. Public hospitals receive these
reimbursements in their revolving funds. Private hospitals receive the same
reimbursement rate from the Social Security Institution (SGK). In addition, private
hospitals are allowed to charge patients an additional fee, which, by law, allows them
to bill up to 200% of the SGK rate (SGK, 2011). This system generated more
hospital revenue through higher imaging volumes, providing a financial incentive for
both public and private healthcare providers to perform more imaging. This revenue
was then used to purchase more MRI machines and radiology staff, further

increasing capacity (Ozen et al., 2022).

In addition, some imaging services in public hospitals are outsourced. Many public
hospitals have contracted with private companies to provide on-site imaging
services. Under these contracts, a private provider brings personnel to the public
hospital and is paid per scan or through a service agreement by the hospital. This
outsourcing model became widespread in the 2000s, particularly for MRI and CT
scans, allowing the Ministry of Health to rapidly expand capacity without requiring
the Ministry of Health to purchase each device directly. However, it has also created
distortions in the payment model: private contractors are typically paid a flat fee per
scan, incentivizing maximum efficiency. Many outsourced radiology units are
reported to operate 24/7 and perform 120-140 MRI exams per day on a single device

(Rylands-Monk, 2014). By operating scanners at this high volume, these
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subcontractors earn more, and the hospital can meet patient demand and collect
social security payments accordingly. However, this high-volume, fee-for-service

environment can reduce quality.

In summary, while the reimbursement system has made advanced diagnostic
methods like MRI widely affordable and accessible for patients, concerns have also
emerged regarding overuse and quality of care. However, low reimbursement rates
and volume-based incentives risk promoting quantity over quality. Accordingly,
private hospitals can earn more by performing more scans, while radiologists in
public hospitals must interpret a large number of images quickly (Rylands-Monk,
2014; Turkish Association of Radiology, 2018). Meanwhile, the increasing use of
outsourcing in public hospitals feeds this cycle. All these financial dynamics can
contribute to MRI overuse and potentially underdiagnosis. One radiologist explained
that the payment model "leads to radiologists receiving proportionately less payment
for their work compared to 2003, despite reporting significantly more images"
(Rylands-Monk, 2014). In addition to these, Basar et al. (2019) found a 34% repeat
MRI rate in a large public hospital and attributed the high number of repeats to
inadequate image quality and expedited protocols. Okcan and Cakar (2015) argue
that reforms in Tiirkiye foster a mindset of productivity at the expense of clinical
relevance, a common criticism of healthcare systems undergoing neoliberal
commodification. Thus, this implies that the financial incentives in the Turkish

system are misaligned with diagnostic quality.

In conclusion, the HTP radically restructured the healthcare provision and financing.
It achieved universal coverage, increased healthcare resources, including staff and
facilities, but also introduced intense productivity targets and expanded private sector
roles. Studies have shown that while performance-based pay systems and market
liberalization aimed to increase efficiency, they often forced clinicians to see more
patients in a limited time. This suggests that the reforms prioritized breadth of care
over depth. In the next section, the study will examine how these institutional
pressures are reflected in the wvarious dimensions of diagnostic capacity
(technological, human, institutional, and regional), which collectively affect

diagnostic accuracy.
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2.2. Diagnostic Capacity Framework in Tiirkiye

The study defines "diagnostic capacity” as the ability of a healthcare system to
accurately diagnose diseases using diagnostic tools in a timely and appropriate
manner. It separates capacity into technological, human, and dimensions and
assesses ecach dimension in Tirkiye. This identifies gaps and inequities, such as
imaging device distribution inequities and workforce shortages, that are likely

contributing to underdiagnosis under systemic pressure.

2.2.1. Defining Diagnostic Capacity

Diagnostic capacity is a multifaceted concept that encompasses how technology,
human resources, institutional settings, and time interact to determine how well a
healthcare system detects disease. Thus, diagnostic capacity refers to a system's
ability to accurately and timely diagnose patient conditions, and this depends on the
availability of diagnostic imaging tools, their effective use, and the competence of
the professionals (Wright et al., 2021, p. 2) According to this definition, the study
defines the basic dimensions of diagnostic capacity as technological, human, and

institutional, in the Turkish health system.

2.2.2. Human Capacity

Human capacity includes the number and workload of healthcare professionals
performing diagnostics, including doctors, nurses, technicians, and other support
staff.

Figure 1 shows the trend in the number of specialist physicians, general practitioners,
and medical assistants in Tirkiye from 2002 to 2023. According to the graph, all
three categories of healthcare professionals have significantly increased. This
increase reflects both policy-driven workforce expansion and the broader
transformation of the Turkish healthcare system under the Health Transformation
Program launched in 2003.
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Figure 1. Number of Healthcare Professionals in Tiirkiye

Source: Author’s own calculations based on data from MEDAS Health Statistics
Database (Ministry of Health, Republic of Tirkiye, 2023)

According to Figure 2, Tiirkiye experienced a gradual increase in the number of
physicians relative to its population between 2002 and 2023. In 2002, this ratio was
approximately 1.45 physicians per 1,000 people, reaching about 2.4 physicians per
1,000 people by 2023, indicating an improvement in workforce density. This growth,
particularly over the last decade, coincides with the expansion of medical school
quotas, the integration of more medical assistants into the healthcare system, and
targeted recruitment policies aimed at addressing regional inequalities in access to
healthcare. Despite these gains, Tiirkiye’s physician-to-population ratio still lags
behind the OECD average of around 3.6 per 1,000, underscoring a continued gap in
human resource capacity (OECD, 2023).

Moreover, the uneven distribution of physicians across regions means that
improvements in national averages may mask persistent shortages in peripheral
provinces. These dynamics highlight both progress in expanding the workforce and
the structural challenge of aligning physician supply with population needs. This
imbalance in workforce allocation continues to shape diagnostic capacity, as
physician shortages in certain regions exacerbate delays in access and contribute to

unequal health outcomes.
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Figure 2. Total Number of Physicians per Thousand People

Source: Author’s own calculations based on data from MEDAS Health Statistics
Database (Ministry of Health, Republic of Tirkiye, 2023)

While this increase signals progress in terms of workforce density, it still lags behind
many high-income countries, suggesting that physician supply is a structural
constraint on healthcare delivery. According to a recent OECD study, Tiirkiye has
approximately 2.2 physicians per 1,000 people, below the OECD average of
approximately 3.7. Furthermore, following the reforms implemented in Tiirkiye,
there has been a significant increase in the use of public healthcare services. One of
these is the annual number of physician consultations per capita. This number
increased from 3-4 in the early 2000s to approximately 8 by the end of the 2010s
(OECD, 2017). This situation has brought to the fore the paradox of quantity over
quality. Despite the increasing number of consultations, the number of physicians per
capita has not grown at the same rate, raising concerns about the quality of the
healthcare system. In this context, according to the Turkish Medical Association
(TTB), some hospital appointment systems allocate up to 100 patients per doctor per
day, forcing doctors to limit each visit to just 5-10 minutes or less, despite the
typical consultation duration being 20 minutes (TTB, 2021). All of this suggests that
Turkish physicians perform a remarkably high volume of consultations. Workforce
constraints are particularly severe in radiology. The Turkish Radiology Society
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reports approximately 5 radiologists per 100,000 people; with such a small staff,
individual radiologists face extremely high workloads. TRD surveys have revealed
that many radiologists are required to report 200-300 imaging studies per day,
leaving only about five minutes per case. However, such workloads are "significantly
insufficient” for a standard examination. As a result, radiologists work under intense
stress and are at risk of burnout. The TRD warns that this "examination intensity"
poses a risk to both professionals and patients: radiologists are working at risk, and

patients face serious risks to diagnostic safety.

On the other hand, while auxiliary staff such as nurses and technicians also influence
diagnostic capacity, their numbers are not directly observable in the study. Instead,
their role is indirectly captured through temporal variation in services. In most
hospitals in Tiirkiye, capacity varies significantly during the day and after hours.
Most diagnostic services are provided during weekday working hours except
emergencies, which are also available at night, on weekends, and on holidays.
Therefore, workload can increase during the morning and early afternoon hours.
Also, outpatient clinics are generally closed on weekends and public holidays, with
only on-call teams handling urgent cases. Thus, staffing levels typically fall outside
weekday working hours, especially at night, weekends, and public holidays. Thus,
time- and day-of-week effects function as proxies for auxiliary staff availability,
complementing human capacity in shaping diagnostic performance (Turkish
Radiology Association, 2018). In summary, Tiirkiye’s shortage of medical staff and
their heavy workloads mean the system has limited human capacity. This constraint
contributes to underdiagnosis, as fatigued doctors may miss subtle findings or be

unable to review charts in depth.

2.2.3. Institutional Capacity

In Tirkiye, health care institutions and organizations serve three purposes:
prevention, treatment, and rehabilitation. According to Law No. 5510, which

classifies health service providers according to their functions and size:

"ARTICLE 70 - For the purposes of implementing this Law, healthcare
providers are classified by the Ministry of Health as primary, secondary, and
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tertiary healthcare providers. The referral chain between these healthcare
providers is determined by the Institution, taking into account the diagnosis,
preliminary diagnosis, and the specialties of physicians and dentists,
nationwide or on a provincial or district basis, in consultation with the
Ministry of Health. Family physicians are considered primary healthcare
providers. For the Institution to provide healthcare services, universal health
insurance holders and their dependents must comply with the referral chain
rules." (Official Gazette of the Republic of Tiirkiye, 2006).

Tiirkiye’s hospital system operates within a three-tiered healthcare model that
organizes medical services into three levels: primary, secondary, and tertiary care. In
this context, the Ministry of Health Regulation No. 31746 is the current document
that categorizes the stage of healthcare service providers (Official Gazette of the
Republic of Tiirkiye, 2022). According to this, Primary health care providers are
healthcare institutions where patients are diagnosed and treated on an outpatient or
inpatient basis, providing easy access to citizens' residential areas and providing
affordable and effective healthcare services. It includes community health centres,
family health centres, occupational physicians, 112 emergency health services, and
polyclinics that are not affiliated with any hospital (Official Gazette of the Republic
of Tiirkiye, 2022).

Secondary healthcare providers are healthcare institutions that provide outpatient or
inpatient diagnostic, treatment, and rehabilitation services. They include public
hospitals that are not training or research hospitals, integrated district hospitals (E1),
oral and dental health hospitals and centres, private hospitals, private medical
centres, medical centres, and specialized centres (Official Gazette of the Republic of
Tiirkiye, 2022).

Tertiary healthcare providers are high-level hospitals equipped with advanced
technology or infrastructure to provide education and research services for diseases
requiring advanced examinations and specialized treatment, as defined in relevant
legislation. Tertiary healthcare providers accept patients referred from outside the
institution or from outside the province for tertiary healthcare services and meet their
healthcare needs. Training and research hospitals affiliated with the Ministry, as well

as hospitals belonging to state and foundation universities, are directly classified as
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tertiary healthcare providers (Official Gazette of the Republic of Tiirkiye, 2022). In
this context, institutional capacity refers to the organization, structure, and role of
healthcare institutions in the diagnostic process. Since diagnostic capability is
impacted by the resources and duties that vary between hospital levels in Tirkiye, it

can be examined by hospital type and referral system.

There are studies that suggest that the institutional level is associated with diagnostic
quality within the specific hospital type. For example, Ozen et al. (2022) found that
higher-tier institutions, on average, produce significantly higher-quality MRI exams
than lower-tier institutions. This suggests that institutional capacity is important in
terms of the expertise, protocols, and equipment involved. Teaching hospitals may
generally have more stringent protocols, experienced staff, and double-reading of
images, resulting in better accuracy. In contrast, smaller community hospitals may
have less robust quality control, potentially leading to more incomplete or under-

yielding scans.

Institutional capacity also includes how hospitals are organized and staffed, and thus,
there are fundamental elements that measure institutional capacity in hospital
services. These include the number of patient beds, the number of beds per
population, the number of inpatients, the number of days in bed, the average length
of stay, and the bed turnover rate, which indicates how many patients use a bed
annually. Finally, institutional capacity is linked to whether a facility is a central
referral centre or a peripheral provider. Because Tiirkiye doesn't have mandatory
interhospital referrals, peripheral hospitals can attempt diagnoses that could be
performed at specialized centres. However, a pattern exists where complex cases

generally flow to tertiary centres.

After the HTP was launched in 2003 in Tiirkiye, the capacity and utilization of health
services were rapidly increased. Quantitative expansions in Turkish healthcare can
be seen in key health indicators on institutional capacity in Figures 3 and 4 below.
According to these, hundreds of new hospitals and health institutions were
established (Atun et al., 2013); the number of hospitals increased from 1156 to 1556,
from 2002 to 2023.
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Figure 3. Number of Hospitals in Tiirkiye

Source: Author’s own calculations based on data from MEDAS Health Statistics
Database (Ministry of Health, Republic of Tirkiye, 2023)
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Figure 4. Number of Hospital Beds in Tiirkiye

Source: Author’s own calculations based on data from MEDAS Health Statistics
Database (Ministry of Health, Republic of Tirkiye, 2023)

2.2.4. Technological Capacity

Technological capacity encompasses the availability and utilization of diagnostic
devices such as MRI, CT, USG, and X-ray machines. In this context, the thesis will
analyse parameters such as the availability of diagnostic devices at hospital and
provincial levels, as well as the number of imaging scans per device, which reflect

how intensively these devices are used in the Turkish healthcare system.

20



After the implementation of HTP reforms, Tiirkiye has expanded its technological
capacity in the healthcare system, particularly in advanced imaging. The number of
diagnostic technologies has risen, and their utilization has increased. In particular,
utilization of MRI technologies has increased significantly in both public and private
hospitals through large-scale investments in radiology infrastructure, an increase in
the number of private service providers under SGK contracts, and easier access to

patients.

Figure 5 shows trends in the number of MRI, CT, and USG units in Tiirkiye between
2008 and 2023. According to the figure, the number of MRI devices increased from
approximately 500 to over 1,000, the number of CT devices from 800 to
approximately 1,300, and the number of ultrasound devices from 2,000 to over
6,000. The expansion of MRI and CT technologies is consistent with private sector
expansion, reimbursement schemes, and an increase in investment in advanced

imaging technologies after the implementation of policy reforms in the HTP.
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Figure 5: Number of Diagnostic Technologies in Tiirkiye (2008-2023)

Source: Source: Author’s own calculations based on Health Statistics Yearbooks,
2008-2023 (Ministry of Health, Republic of Tiirkiye).

2.2.5. Regional Differences in Diagnostic Capacity

Geographic regions in Tiirkiye are divided into 26 subregions at the NUTS-2 level or

12 broader regions at the NUTS-1 level. Geographical regional distributions have
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shown historically distinct economic, social, and health development patterns.
Accordingly, western and more urban regions, such as Istanbul, the Aegean, and
Western Anatolia, including Ankara, have higher per capita physician density and
more advanced medical equipment compared to less developed eastern and
southeastern regions. To assess the diagnostic capacity of the Turkish healthcare
system on a regional basis, three basic indicators for NUTS-1 regions for the year
2023 are presented in Table 1: Technological capacity as the number of MRI devices
per 1,000,000 people, utilization density as the number of MRI examinations per
1,000 consultations, and institutional capacity as the total number of physicians per
100,000 people. According to Table 1, the number of MRI devices nationwide is 11.7
per million people. The number of devices per capita is above average in Istanbul
(14.3), Western Anatolia (13.6), and the Aegean Region (12.0) because these regions
are economically stronger and more urbanized, with better hospital infrastructure and
private sector investments (OECD, 2017). The regions with the lowest MRI density
are Southeastern Anatolia (9.4) and the Western Black Sea Region (9.7),

demonstrating the unequal access to advanced diagnostic tools across Tiirkiye.

When looking at MRI examinations per 1,000 consultations, Northeastern Anatolia
(43.7) and Istanbul (42.8) show the highest MRI utilization rates, while Southeastern
Anatolia (27.3) and Central Eastern Anatolia (28.3) have the lowest. This suggests
that overutilization may reflect supplier-induced demand (Zabrodina et al., 2020),
while Southeastern Anatolia, with its lowest rate, is at risk for underutilization due to
infrastructure deficiencies or limited specialist access, reflecting concerns about

diagnostic underutilization (Hutubessy et al., 2002; Huang et al., 2023).

Table 1. MRI Technologies according to NUTS-1 Regions, 2023

Number of MRI  Number of MRI Number of Total

Devices in Hospitals Exams in Hospitals Physicians per

per 1.000.000 per 1.000 100.000
Population by NUTS- Consultation by Population by
1, 2023 NUTS-1, 2023 NUTS-1, 2023
Tiirkiye 11,7 35,2 239
Istanbul 14,3 42,8 298
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Table 1. (continued)

Western Anatolia 13,6 34,8 368
Aegean 12 34,4 247
Eastern Blacksea 11,7 37,7 222
Mediterranean 11,6 33,9 216
Northeastern Anatolia 11,1 43,7 191
Western Marmara 11 38,1 205
Eastern Marmara 10,6 34,5 213
Mideastern Anatolia 10,5 28,3 182
Central Anatolia 10 31,4 204
Western Blacksea 9,7 32,7 204
Southeastern Anatolia 9,4 27,3 155

Source: Author’s own illustration based on data from Health Statistics Yearbook
2023 (Ministry of Health, Republic of Tiirkiye, 2024)

Considering the total number of physicians per 100,000 people, the national average
is 239, but it varies significantly by region: Western Anatolia (368) and Istanbul
(298) have the highest physician density. Southeastern Anatolia (155) and
Northeastern Anatolia (191) have well below average physician density, which can
lead to excessive workload per physician and an increased risk of underdiagnosis due

to time pressures (Basar et al., 2019; Clemens and Gottlieb, 2014).

Consequently, there are multiple disparities in diagnostic capacity across Tirkiye:
For example, despite a low physician density (191), Northeastern Anatolia has a
relatively high rate of MRI use (43.7%). This suggests an overreliance on diagnostic
imaging methods to compensate for a lack of clinical knowledge or personnel. In
addition, there are studies that have examined regional capacity differences in
healthcare in Tirkiye. Specifically, regarding radiological imaging devices,
Cinaroglu and Baser (2017) show that Tirkiye's imaging technology is clustered:
while urban centres may have abundant MRI and CT equipment, many smaller
provinces have very few. This uneven technological capacity requires patients in
rural or impoverished areas to wait long periods or travel to major cities for
diagnosis. Conversely, hospitals with high-tech equipment are experiencing
screening bottlenecks under pressure, while others are underutilized. In either case,

inadequate spatial distribution may lead to diagnostic delays or underdiagnosis.
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2.3. Radiology Growth in Tiirkiye

One of the quantitative advancements Tiirkiye has made since the HTP is in the field
of radiology. Over the past two decades, technological capacity has grown rapidly,
driven by both public investment and private sector growth. While there were only
58 MRI units nationwide in 2002, this number has risen to 1,001 by 2023, as can be

seen in Figure 5 above.

International Comparison of Number of MRI Devices per
1.000.000 Population (2014-2022)
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Figure 6: MRI Devices per 1,000,000 Population (2014-2022)

Source: Source: Author’s own calculations based on Health Statistics Yearbooks,
2014-2022 (Ministry of Health, Republic of Tiirkiye).

Figure 6 shows the evolution of MRI device availability per 1,000,000 population in
selected countries from 2014 to 2022. There is a noticeable difference in the relative
availability of MRI devices per capita in Tirkiye compared to other countries.
According to the chart, in 2022, Tiirkiye had only 11.7 devices per million
population, compared to 58 in Japan, 39 in the US, and over 25 in countries like
South Korea and Germany. While the OECD average is above 18, Tiirkiye remains
well below this threshold. This suggests that Tiirkiye's physical diagnostic capacity is
limited in terms of equipment stock. Despite a slight increase from 2014 to 2022,
Tiirkiye's investment in imaging infrastructure has not kept pace with the growing

demand. The low number of machines per capita in Tirkiye raises concerns that
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every machine is overutilized, especially in high-demand public hospitals. In this
context, limited device availability per capita can lead to overuse of existing
machines, unequal regional access, and reduced diagnostic yield; these factors will

be examined in the empirical sections of this thesis.

International Comparison of Number of MRl Exams
per 1.000 Population, (2014-2022)
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Figure 7: Number of MRI Exams per 1,000 Population (2014-2022)

Source: Author’s own calculations based on Health Statistics Yearbooks, 2014-2022
(Ministry of Health, Republic of Tiirkiye).

Paradoxically, while the number of devices per capita is below the OECD level, it
performs the highest number of MRI examinations per capita in Figure 7.
Accordingly, in 2022, while OECD and EU averages hover around 100, Tiirkiye
surpassed 220 examinations per 1,000 people, compared with approximately 160 in
Austria and around 150 in Germany and France. Despite having fewer MRI devices,
Tiirkiye's per capita use is higher than in countries with twice the equipment. This
likely reflects structural pressure on the system to meet the increasing demand for
diagnostics due to the referral-based reimbursement model, the lack of gatekeeping
in primary care, and patient expectations (Jahanmehr et al., 2019; Zabrodina et al.,
2020). The result may be supplier-induced demand, repeated scans due to scheduling
pressures, or defensive medical practices. Thus, high per capita use with limited
infrastructure often indicates quantitative overuse at the expense of diagnostic

quality.
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Looking at the scans per device further reveals the intensity of utilization in Tiirkiye.
Figure 8 shows that Tiirkiye performed over 18,000 scans per MRI machine in 2022.
This figure is well above the OECD average (~5,000) and significantly higher than
other upper-middle-income or high-income countries such as Germany (~9,000) and
South Korea (~3,000). This exceptionally high utilization suggests that MRI devices
were operating at or near full capacity throughout the year in Tiirkiye. This raises
concerns about scan quality, maintenance schedules, waiting times, and repeated
scans or underdiagnosis. Diagnostic capacity is not only related to the number of
machines; it also includes time availability, human resources, and technical quality
(Martella et al., 2023; Basar et al., 2019). When the number of scans per scanner is
extremely high, diagnostic accuracy can be compromised due to shortened scanning
protocols, reporting delays, or inadequate follow-up. This can contribute to a high

repeat screening rate in Tiirkiye and underdiagnosis of complex cases.

International Comparison of Number of Exams per MRI
Scanner, (2014-2022)
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Figure 8: Number of MRI Exams per MRI Scanner (2014-2022)

Source: Author’s own calculations based on Health Statistics Yearbooks, 2014-2022
(Ministry of Health, Republic of Tiirkiye).

Overall, the expansion of radiology services in Tiirkiye has been remarkable, marked

by rapid increases in MRI, CT, and USG capacity following the HTP. While this

growth has improved access and reduced geographic disparities, it has also generated
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new challenges, including risks of supplier-induced demand, defensive medicine
practices, and diagnostic inefficiency. These developments underscore the
importance of examining how rising volumes intersect with diagnostic quality and
uncertainty. Building on this context, the next chapter reviews the theoretical and
empirical literature on underdiagnosis, defensive medicine, and supplier-induced
demand, which provides the conceptual foundation for the econometric analyses in

later chapters.
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CHAPTER 3

UNDERDIAGNOSIS IN DIAGNOSTIC IMAGING: THEORETICAL
FRAMEWORK AND LITERATURE REVIEW

3.1. Defining Underdiagnosis

Before moving on to the theoretical framework, it is necessary to understand what
underdiagnosis means and how it is defined. In this context, in this section, the
concept of underdiagnosis is first defined, and then the rationale for using R-codes as
a practical proxy for underdiagnosis will be explained. Finally, the section explores
how diagnostic uncertainty shapes patient experience, influencing care pathways,
repeat visits, and trust in the health system. Together, these subsections establish
both the theoretical basis and the empirical approach used to study underdiagnosis in

diagnostic imaging.

3.1.1. Concept of Underdiagnosis

Underdiagnosis is the situation that usually occurs when the diagnostic process fails,
resulting from acts of negligence such as underuse of a test (Newman-Toker, 2014).
This definition is practically applied as a diagnostic code in the ICD-10 symptom-
based codes, falling within the range R00-R99 "symptoms, signs, and abnormal
clinical/laboratory findings not elsewhere classified" It is described in CMS as
“Unspecified” codes “titled “unspecified” are for use when the information in the
medical record is insufficient to assign a more specific code” (CMS, 2024, p.9). It is
allowed to record the appropriate "unspecified" code when there is not enough
clinical information available to give a more specific code, such as when a diagnosis
of pneumonia is confirmed but the precise kind is not known (CMS, 2024, p.17). As

a result, a healthcare system's excessive R-code utilization implies that a large
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number of patients remain unaddressed, which may indicate systemic diagnostic
inefficiency. Starting from his point of view, the study operationalizes
underdiagnosis with a binary indicator, R_Coede_Prab that flags whether a patient's
visit contained any R codes, implying that no definitive diagnosis was made for that

encounter.

3.1.2. Rationale and Limitations of R-codes as a Measure

This study assumes that using R codes as a proxy for underdiagnosis is an imperfect
but practical approach. On the one hand, frequent use of R codes can signal
diagnostic shortcomings: If a healthcare provider frequently uses “symptoms,
unspecified” codes, this may indicate an inability to fully diagnose diseases, possibly
due to time constraints, insufficient expertise, or lack of resources. Previous research
highlights that diagnostic uncertainty is a prevalent issue and a recognized cause of
diagnostic error rates (Alam et al. 2017).

Accordingly, underdiagnosis can be characterized as a latent medical error if the
patient leaves without receiving the proper diagnosis, which can be harmful in the
long term because of the delayed diagnosis (Balogh et al., 2015; Graber, 2013).
Actually, it is not explicitly incorrect treatment; thus, it is crucial to keep in mind that
not all R code usages result in "failures.” Because medicine is inherently uncertain,
there are situations in which a symptom code is acceptable, such as in the early
stages of a disease when a wait-and-see strategy is clinically sound or when present
techniques are actually unable to provide a conclusive diagnosis. As a result,
mistakes and underdiagnosis are not synonymous. Therefore, underdiagnosis is not a
synonym for error. However, notable variations in R code usage rates between
settings might indicate performance problems at the system level. For instance, while
Hospital A uses R codes in only 5% of visits, Hospital B uses them in 15% of raises
questions about the reasons for these differences in terms of complexity, training, or
resources between the two institutions. Thus, the consistently high rates of

underdiagnosis likely reflect a significant diagnostic inefficiency (OECD, 2025).

Numerous studies have used R codes as indicators of underdiagnosis. A study in the

UK investigated the frequency of ill-defined (R-coded) hospitalizations in older
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adults and the factors predicting these. An R-coded primary diagnosis was observed
in 21.6% of elderly patient admissions (Walsh et al. 2011). Similarly, nonspecific
diagnoses were observed in 15-50% of emergency department discharges in
Denmark. More importantly, studies have shown that 11-20% of emergency
department deaths occurring within 8-30 days were preceded by a nonspecific (R-
coded) discharge. Accordingly, nonspecific diagnoses accounted for one-third of the
patients and contributed to mortality in terms of the total number of deaths
(Christensen, 2016). These statistics demonstrate that patients with R codes have
serious illnesses that are overlooked or delayed and support the use of the R code as
an indicator of underdiagnosis.

In Tiirkiye, the Turkish Ministry of Health officially uses the ICD-10 guideline, and
ICD-10-R code definitions are directly used in diagnostic systems. This rule went
into effect with the SUT in 2007, and health reports that do not contain ICD-10 codes
are deemed unacceptable because they do not comply with the SUT. Thus, in
healthcare services, ICD-10 codes must be included in diagnostic reports. Numerous
studies have also been conducted using R code. For example, an examination of
patients presenting to the emergency department in Antalya, Tiirkiye, revealed that
15.71% were identified with the R code (Kiligaslan et al., 2002). Another study
evaluated patients presenting to the emergency department in Ankara and found that
the most common diagnoses in the emergency department were abdominal pain
(R10.4) at 10.5% and nausea and vomiting (R11) at 7.2% (Yiksel, 2020).
Additionally, in an analysis conducted in a paediatric emergency department, code
R68.8 (general symptoms and other signs) ranked first with 26.77%, followed by
R50.9 (fever of unknown origin and other origin - fever, unspecified) with 14.27%,
and R11 (nausea and vomiting) ranked second with 10.18%. This means that 50% of
paediatric emergency department patients are observed with an R code. The study
also found that the initial readmission was 1.35% within 24 hours and 4.3% within
the first 72 hours. When examining the diagnosis code of repeat patients, it was
observed that R68.8 was first, R50.9 second, and R11 cases were third in order of
recurrence (Akgay and Giil, 2022). According to these data, it is common practice to
label a visit as an R code in situations where the precise disease cannot be

determined. This allows for the measurement of underdiagnosis in Tiirkiye.
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3.1.3. Diagnostic Uncertainty and Patient Experience

Underdiagnosis has tangible effects on patients, and it also contributes to a state of
medical uncertainty since leaving the hospital without a clear answer requires further
consultations, testing, or referrals, effectively prolonging the diagnostic process.
Studies on diagnostic uncertainty show that patients with "unspecified disease"
codes, R codes, typically experience increased follow-up healthcare use, including
longer hospital stays and higher readmission rates. Marshall et al. (2022) found that
children hospitalized with uncertain diagnoses had noticeably longer stays and higher
30-day readmission rates compared to similar patients with definitive diagnoses.
These show that underdiagnosis tends to delay resolution, potentially leading to a

series of additional healthcare visits.

An underdiagnosis can be considered as a "missed opportunity"—the patient is not
mistreated, but neither is the proper therapy provided since the underlying reason is
still unclear. This is distinct from an outright misdiagnosis, which occurs when a
definitive but inaccurate diagnosis is established. However, over time, this can also
be dangerous since the underlying condition of the illness may worsen, or patients
may lose trust and become anxious when switching between medical professionals.
Thus, underdiagnosis has been recognized as a systemic safety problem, a hidden
error that has the potential to significantly lower healthcare quality (Newman-Toker,
2014; OECD, 2025).

As the OECD (2025) aptly notes, “underdiagnosis is inherently burdensome;
chronically underdiagnosed patients will continue to seek care as their condition
worsens, leading to higher costs and poorer outcomes” (OECD, 2025). Therefore,
reducing underdiagnosis rates is important not only for individual patient well-being
but also to prevent the accumulation of “hidden” costs and harms within the
healthcare system. From that point of view, the thesis asserts that underdiagnosis is
fundamentally burdensome. Therefore, lowering underdiagnosis rates is crucial for
the health of individual patients as well as for avoiding the buildup of "hidden”

expenses and damages within the healthcare system.
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3.2. Theoretical Framework

The thesis is based on Arrow’s theory on uncertainty in medical care (Arrow, 1963),
which highlights that healthcare markets are characterized by uncertainty and
information asymmetry, where patients rely on physicians' expertise for decision-
making, creating a principal-agent problem. In such environments, patients rely
heavily on physician recommendations, and the demand for services like MRI is
largely physician-driven. When combined with financial or institutional incentives,
this uncertainty can easily lead to overutilization of services. Therefore, the question
of the study arises whether the high use of MRI technologies in Tiirkiye reflects a
truly greater need for more diagnostic procedures or the influence of physician

practice styles and incentives under uncertainty.

3.2.1 Arrow’s Theory of Uncertainty in Medical Care

According to Kenneth Arrow (1963), uncertainty is intrinsic to medicine. He argues
that the "special economic problems of medical care” (p. 941) arise from
“adaptations to the existence of uncertainty in the incidence of disease and in the
efficacy of treatment.” Therefore, fundamental risk and uncertainty are unavoidable
due to the unpredictable nature of disease, and the outcomes of interventions cannot
be guaranteed. Since patients lack knowledge about their own health and the
treatment of their diseases, they trust their physicians. Arrow explains this
‘asymmetric information’ as "the physician's knowledge of the outcomes and
possibilities of treatment is necessarily much greater than the patient's...and their

relationship is coloured by this knowledge."(p. 951).

Asymmetric information (Akerlof, 1970) creates a principal-agent relationship
(Jensen & Meckling, 1976) between patient and physician. The patient (principal),
who lacks the expertise to make decisions about the disease and its treatment,
delegates decision-making authority to the physician (agent) and trusts them to act in
the patient’s best interests. However, the principal-agent dynamic creates incentive
problems. The physician may have ‘incentives’ that are not aligned with the patient's

health goals. The information gap resulting from asymmetric information leaves the
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patient lacking the necessary information to justify the recommended tests or
treatments. In this situation, Arrow observed that physicians tend to increase
utilization and expenditures. Information asymmetry requires trust, but it can also
lead to agency conflicts if incentives are misaligned. Arrow (1963) also describes
‘moral hazard’, which occurs from the unique nature of health insurance, where both
patients and providers are insulated from the financial consequences of healthcare
decisions. He observes that when patients are insured, they may demand more care
than they would if they paid full price, and physicians may be more likely to
recommend more expensive care. This creates a fertile environment for moral
hazard, particularly in outpatient or general practice settings where oversight is
weaker than for surgery. Here, patients protected from costs may be less
discriminatory, and physicians whose income comes from reimbursed services face
less resistance when requesting these services. Thus, Arrow's analysis highlights how
both asymmetric information and lack of cost coverage led to inefficiency and

potential overutilization in the healthcare sector.

In this theoretical framework, diagnostic aggression arises as a result of all these
factors. Accordingly, under conditions of uncertainty and asymmetric information,
physicians are often inclined to overtest rather than undertest; they order additional
tests, imaging studies, or procedures to avoid missing a potential diagnosis. This
tendency can be enhanced by medical and financial incentives: In many healthcare
systems, a physician's performance is evaluated by the number of procedures
performed, and they may be rewarded for over-testing. In contrast, undertesting can
lead to potentially serious consequences if they miss a serious condition is missed.
Consequently, the protection from uncertainty leads to aggressive diagnostic testing,
which in turn gives rise to defensive medicine. In Arrow’s framework, such overuse
IS not mere irrationality; it is a predictable outcome when uncertainty is high,

information is unequal, and incentives favour extra intervention over restraint.

3.2.2. Arrow’s Theoretical Framework on MRI Utilization in Tiirkiye

Arrow’s theory of uncertainty in healthcare sheds light on why and how diagnostic

imaging can be overutilized in healthcare systems. It is possible to evaluate his
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theoretical framework in the overutilization of MRIs in the Turkish healthcare
system over the past two decades. In chapter 2, the study has demonstrated
statistically that Tiirkiye expanded its hospital capacity, including advanced imaging,
following health reforms after the HTP: Compared to other OECD countries, the
number of MRI devices per capita is well below the national average, while the
number of scans per MRI device and the number of scans per population are among

the highest among these countries.

This high volume of MRI scans suggests that MRIs are used much more intensively
in Tirkiye than elsewhere, suggesting the overuse hypothesis. First, doctors in
Tiirkiye are overworked and may resort to high-tech diagnostic tests like MRIs,
shortening physical examinations and observations. This can be directly linked to the
theory of uncertainty: a doctor under pressure and uncertain about a definitive
diagnosis may use imaging as an extension of the examination. Secondly, ‘the
incentives’ identified in Arrow’s framework help explain this pattern. In Tiirkiye,
financial incentives operate under performance-based payment plans that reward
productivity measured by the number of services provided, as implemented after the
HTP reforms. This corresponds to the incentives framework mentioned by Arrow,
where providers use their knowledge advantages to increase service volume. Thirdly,
with universal health coverage implemented after HTP, patients pay little or nothing
out of pocket for an MRI, which encourages demand, consistent with Arrow's moral
hazard scenario. Patients with UHC often perceive MRIs as a necessary diagnostic
step for reassurance and may insist on undergoing MRIs, further leading to

overutilization.

This conclusion is also supported by recent international studies: One study found
widespread overuse of medical imaging in low- and middle-income countries, with
an average of 35% of MRI scans being unnecessary (Protheroe, 2024). Similar trends
are seen in high-income countries; for example, in the United States, it is estimated
that one-third of MRI or CT scans are inappropriate or of low value (Hendee, 2009,
p. 32).

Globally, factors contributing to MRI overuse include insurance, patient

expectations, defensive medicine, and fee-for-service (Hendee, 2009, p. 32). These
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characteristics are present in Tiirkiye, but what distinguishes it is the extent of
overutilization: the combination of demand and supply market willingness to use MR
devices has led Tiirkiye to reach very high usage rates, far surpassing many
countries. Therefore, Arrow's theory offers a lens through which to understand the
overuse of MRI in Tiirkiye as a result of three factors: a) uncertainty because of over
workload of doctors and thus widespread use of MR as a diagnostic safety net; b)
asymmetric information with incentive structures: doctors, who hold superior
medical knowledge, may exploit this imbalance by recommending additional
imaging when their pay for performance system rewards higher volumes of testing.
and ¢) moral hazard: when patients are largely insulated from the costs of imaging
through insurance coverage, they may be more willing to accept or even request

additional scans.

Although doctors turn to advanced technological diagnostic methods under
uncertainty, their intensive use does not mean that every patient is diagnosed with
certainty; underdiagnosis remains a systemic problem. In Tiirkiye, approximately
10% of all hospital visit diagnoses carry an ICD-10 "R code". In this context, ICD-10
R-codes serve as an observable proxy for Arrow’s concept of diagnostic uncertainty:
they signal encounters where the physician, facing time constraints, incomplete
information, or misaligned incentives, does not translate symptoms into a definitive

diagnosis.

This underdiagnosis pattern can also be interpreted through Arrow's framework.
Time and resource constraints that drive doctors to order tests may lead them, under
pressure to move on to the next patient, to treat the current symptom without further
investigation. Uncertainty in medicine cannot be easily eliminated with technology.
Despite abundant imaging, doctors often avoid rapid diagnosis, and patients may

cycle between tests, resulting in a nonspecific code.

Another reason could be quality issues: Basar et al. (2019) found that a significant
portion of MRI scans in Tiirkiye require repeats due to inadequate quality artifacts,
incorrect technique, or inexperienced readers. If the initial imaging is inconclusive,

the diagnostic process continues, leading to repeated scans and therefore delays. As
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Arrow (1963) puts it, "When there is uncertainty, information or knowledge becomes
a commodity. Like other commodities, it has a production cost." This highlights the
limitations and costly production of information: more imaging provides more data,

but not necessarily more certainty.

In summary, time and resource constraints, along with the complexity of the disease,
result in underdiagnosis, reflecting the uncertainty Arrow emphasized in 1963.
Physicians acting as agents of uncertainty often use existing MRI scans to narrow
information gaps, explaining overuse. However, the incompleteness of information
and the difficulty of accurately identifying some diseases lead to underdiagnosis.
Arrow's theory helps us understand why increasing the amount of service when
information remains asymmetric and incomplete does not guarantee optimal
outcomes. MRI use in Tiirkiye is a case in point: abundant scans yield diminishing
returns on diagnostic yield, as seen in the persistent presence of R-coded

diagnoses.

Figure 9 summarizes the analysis of the thesis based on Arrow’s theoretical
framework. Anchored in Arrow’s (1963) economics of uncertainty, the diagram
integrates agency and capacity to explain why overutilization and underdiagnosis can
coexist. When illness outcomes are uncertain and information is asymmetric, the
patient (principal) relies on the physician (agent), creating scope for moral hazard
amplified by insurance and volume-oriented payment (pay-for-performance, fee-for-
service). These incentives increase the demand for diagnostic resolution, but the
ability to convert tests into information is bounded by capacity along three pillars:
human  (physicians and auxiliary staff), institutional (hospital role,
centralization/referral intensity, bed turnover, scanner use per machine), and

technological (MRI availability, utilization, and quality).

Accordingly, when incentive-driven volume meets constrained or misallocated
capacity, the marginal informational yield of additional imaging falls: congestion,
rushed workflows, and uneven expertise increase diagnostic noise, producing repeat
MRI (overutilization) while simultaneously raising the probability of R-codes

(underdiagnosis).
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that is, underdiagnosis.
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Thus, under Arrow’s framework, capacity does not merely limit quantity; it mediates
the translation of tests into reliable information, shaping equilibrium diagnostic
precision. Empirically, the model predicts that stronger volume incentives and tighter
human/institutional/technological constraints are associated with (i) higher repeat-
MRI rates and (ii) higher R-code probabilities, thereby linking incentive design and
capacity to systemic burden and cost. Thus, following Arrow’s framework, the study
will test empirically whether systemic capacity constraints, human, institutional, and
technological, raise the probability that a consultation ends in an R-code diagnosis,




3.3. Literature Review

3.3.1. Supplier-Induced Demand and Financial Incentives

Arrow's information asymmetry opens the door for what health economists term
‘supplier-induced demand (SID)’ in the literature (Evans, 1974). Physicians act as
agents for patients, but they may have a financial or institutional incentive they may
recommend more tests or visits than are clinically necessary. In fee-for-service and
dual-payment systems, healthcare providers may respond to financial incentives by
increasing the quantity of services provided (Clemens and Gottlieb, 2014; Zabrodina
et al., 2020). This behaviour has been particularly observed in the case of diagnostic
imaging, where technological infrastructure allows for high efficiency and
profitability. Numerous empirical studies in the literature demonstrate SID in
healthcare systems (McGuire, 2000). For example, Brekke et al. (2017) analysed
how general practitioners in Norway responded to a change in reimbursement and
found that increasing fee-for-service payment led to a significant increase in the
number of patient visits while reducing the time spent per visit. This suggests a shift
toward quantity over quality and illustrates how volume-based payment can motivate

more service delivery.

On the demand side, the classic theory of moral hazard in health insurance (Pauly,
1968) suggests that patients may consume more healthcare services than they need
when faced with little or no cost for services. Tiirkiye's healthcare system offers a
case study of how financial incentives can increase demand for MRIs. Under the
Health Transformation Program, most MRI services are covered by public insurance,
and physicians are rewarded for higher service output. In public hospitals,
radiologists are typically paid under a performance-based supplementary payment
scheme, measured by the number of procedures performed. Radiologists are paid for
each imaging test they interpret, which naturally creates an incentive to prescribe
more tests (Basar et al., 2019). The OECD (2017) reported that MRIs in Tiirkiye are
"systematically prescribed to patients with various health conditions,"” clearly leading
to overuse. From a SID perspective, healthcare providers and hospitals in Tiirkiye
have financial incentives to maximize MRI scans, potentially leading to a supply-

driven utilization that exceeds clinical justification.
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In imaging technologies, SID is most common in fee-for-service systems or self-
referral settings. There is research in the literature supporting SID in diagnostic
imaging. For example, Zabrodina et al. (2020) showed that hospitals in Switzerland
responded to tighter inpatient budgets by ordering more outpatient MRI/CT scans
after a reimbursement change. They achieved this through repeated examinations,
highlighting how financial incentives can drive overuse. Additionally, a study in
Japan found that hospitals increased MRI scans per patient when they experienced
revenue shortfalls from other services. These cases suggest that when providers
benefit from performing more tests, they may order additional imaging, potentially
leading to overuse of MRIs. Provider-driven demand also applies to underdiagnosis:
ordering more MRIs does not guarantee better diagnostic results; this may reflect

overuse driven by incentives.

3.3.2. Defensive Medicine and Malpractice Pressure

Another driver of imaging overuse is defensive medicine, the practice of ordering
tests or treatments using imaging technologies as a defensive tool to protect
physicians from potential malpractice liability due to fear of missing a diagnosis.
Brownlee et al. (2017) identified defensive medicine as a significant driver of
overuse. They noted that it is associated with aggressive diagnostic testing,
particularly in litigious environments such as the United States. In a survey of
physicians across multiple countries, most physicians cited medico-legal concerns as
a reason for ordering unnecessary tests (Brownlee et al., 2017). Imaging technologies
are a common target for defensive applications. For example, in emergency
departments, physicians may order an MRI or CT scan for a minor head injury to
avoid missing a brain haemorrhage and risking subsequent litigation. Tung et al.
(2018) studied emergency department imaging overuse and found that defensive
imaging influences physician behaviour in numerous studies. The emergency room
environment reinforces the defensive impulse because of high uncertainty and lack

of follow-up.

In Tirkiye, malpractice has evolved over the past two decades, increasing the

prevalence of defensive medicine. Legal reforms in 2004 and 2012 expanded
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patients' ability to sue or seek compensation for medical errors (Basar et al., 2019, p.
260). While Tiirkiye's malpractice litigation rates are lower than those in the United
States, they are rapidly increasing (Ozmen et al., 2015; Arikan et al., 2017). Basar et
al. (2019) examine this trend and note a "significant move toward more defensive
medicine" in Tirkiye following these legal changes. As malpractice lawsuits have
increased, Turkish physicians have increasingly adopted precautionary measures,
including the liberal use of diagnoses to document comprehensive care (Basar et al.,
2019). Non-invasive and readily available imaging tests are often the first line of
defence. In summary, defensive medicine offers a compelling explanatory
framework, alongside financial incentives, for why MRI overuse occurs: Even
without a profit motive, physicians may overuse MRIs to protect themselves,

contributing to the overall high volumes we observe.

3.3.3. Patient Expectations and Demand Factors

On the demand side, patient expectations may also contribute to MRI overuse. In
many healthcare systems, patients equate comprehensive care with advanced
diagnostics; an MRI may be viewed as the “best” or most definitive test, and some
patients may insist on an MRI even when it is not medically necessary. Clinician
surveys have found that patient demand or expectation is a frequently cited reason
for requesting unwarranted imaging. A qualitative synthesis found that patients and
clinicians commonly view diagnostic imaging as essential to locate the source of
non-specific low back pain and that clinicians sometimes order imaging to manage
patients’ expectations or reduce perceived medico-legal risk, while patients often
underestimate the harms of unnecessary tests (Sharma et al., 2020). Survey evidence
aligns with this: 54.3% believed imaging was necessary for the best LBP care, and
48.0% believed everyone with LBP should be imaged (Jenkins et al., 2016). In a
large Danish cohort, roughly one-third of patients believed imaging was important
for LBP management, and 26.1% wanted imaging at the initial consult; wanting
imaging independently increased the likelihood of receiving a referral. These beliefs
were more common with longer symptom duration, prior imaging, and lower
education (Jenkins et al., 2022). Together, this evidence shows how patient

expectations—seeking reassurance or proof of a “real” problem—can nudge
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clinicians toward imaging and contribute to potential MRI overuse when access is
easy and perceived risks are low. Within the global overuse debate, this phenomenon
is part of a broader “more is better” mentality in medicine that is driving utilization.
Over-medicalization and the expanding definition of disease also fuel patient demand
for testing, as people increasingly seek early diagnosis for peace of mind (Brownlee
etal., 2017, p. 162).

In the Turkish healthcare context, high patient expectations likely play a significant
role in MRI use. Over the past two decades, Tiirkiye's healthcare reforms have
significantly improved access, creating a culture where patients can consult
specialists directly without the need for primary care gatekeeping. This self-referral
system (Basar et al., 2019) means that if a patient requests an MRI, they can
potentially "shop around” until a doctor orders it. Importantly, MRIs in public
hospitals are free to the patient, removing any financial disincentive to request or
accept a scan. Clinicians in Tirkiye have noted that patient satisfaction is a key
criterion, and refusing a requested test can carry the risk of a complaint. Furthermore,
Tiirkiye's significant increase in imaging capacity has conditioned both doctors and
patients to trust scans. Agarwal et al. (2010) noted that as imaging has become more
accessible, clinicians have become accustomed to using it as part of their routine
work. A study conducted in Tiirkiye found that the majority of participants believed
an MRI was harmless and should be performed fjust to be sure,” illustrating this
widespread mindset. In addition, Kayadibi et al. (2021) surveyed patients referred for
USG, CT, or MRI in Eastern Tiirkiye to assess knowledge and attitudes toward
imaging. Notably, among MRI patients, nearly half of patients had had at least one
test before. 42% of patients requested MRI scans from their doctors, and nearly half
of the patients who had MRIs believed they could be cured with these treatments.
This theme reinforces that healthcare utilization is not solely supply-driven;
understanding the demand-side context in Tiirkiye strengthens our theoretical

framework for why MRI overuse may occur.

3.4. Hypothesized Drivers of Underdiagnosis

Chapter 1 of the thesis provides an overview of the capacity constraints in the

healthcare system. Based on this and existing literature, the study proposes a
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conceptual framework whereby capacity strains lead to higher rates of
underdiagnosis. Shortly, more "unspecified" diagnoses result from a reduction in
diagnostic quality caused by overworked workers or the system. Here, the study

explains each hypothesis and dimensioned factor in detail:

3.4.1. Human Capacity Strain: Daily Patient Load and Auxiliary Staff Gaps

The first hypothesis of the study, based on uncertainty theory, is that constraints in
human capacity, encompassing both physicians and auxiliary staff, increase the
likelihood of underdiagnosis. In Tiirkiye, physicians have less time for each case due
to the large number of patients they see throughout the day and, therefore, are more
likely to complete examinations without reaching a definitive diagnosis. This might
result in an early closing of the case without any clarity because of rushing the
examination, lack of time to wait for test results, or just cognitive fatigue. Previous
research supports this concern: Overworked clinicians are likely to make more errors
or omissions. For instance, research found that trainees working extremely long
weeks (80+ hours) made five times more diagnostic errors than those working
moderated hours (Landrigan et al., 2004). In addition, according to a recent study by
Kasalak et al. (2023), radiologists who interpret 21% more work than their average
workload are more likely to make diagnostic errors. On the other hand, human
factors research also emphasizes fatigue and burnout as consequences of overload
that impair diagnostic reasoning (Rodriguez-Jarefio et al., 2014; Wise, 2022).

The availability of auxiliary staff is an integral part of human capacity and strongly
shapes diagnostic success. This study argues that the influence of support staff is
most visible through temporal variation in service delivery. Accordingly, hospitals
often operate at limited resources during evenings, nights, or weekends; fewer staff
are available, many specialized consultative services are unavailable, and certain
diagnostic tests are on hold. Consequently, if a patient presents at 2 a.m. with a
complex condition, comprehensive care may not be provided. This can lead to a
tentative or nonspecific diagnosis pending further investigation: an underdiagnosis.
Empirical research confirms this pattern, often described as the “weekend effect” or

“after-hours effect.” For example, one study found that diagnostic errors were 12%
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more common during night shifts than during day shifts in a hospital setting
(Rodriguez-Jarefio et al., 2014). Night-shift radiologists have been shown to make
more interpretation errors due to fatigue, particularly during the second half of the
night shift (Hanna et al., 2018; Patel et al., 2020). Moreover, physicians working
very long shifts (24+ hours) experience cognitive fatigue similar to being legally
intoxicated, significantly increasing the likelihood of missed diagnoses (Link &
Sack, 2009). Therefore, the study expects the underdiagnosis rate to increase during
off-peak times, specifically during night shifts, early mornings, and possibly on

weekends/holidays.

In summary, the thesis hypothesizes a positive relationship between workload strain
and underdiagnosis, and it will analyse when workload exceeds a physician's normal
capacity, errors and underdiagnoses increase. Thus, what the thesis seeks to prove: If
a doctor sees an exceptionally large number of patients in a single day, the

proportion of these visits ending in R codes should increase.

3.4.2. Technological Strain: Overutilization and Quality Challenges

The second hypothesis of the study is that overutilization of MRI diagnostic
technologies might lead to inefficient diagnostic processes. The study addresses two
related issues: the quantity and quality of MRI imaging technologies. First, if a
hospital's imaging rates are significantly higher than the national average, this may
indicate a tendency to order scans impulsively, without careful clinical correlation.
This excessive reliance on imaging may lead clinicians to stray from clinical
reasoning and issue R codes when scans do not provide an answer. The second factor
is imaging quality: hurried scans, insufficient procedures, or bad interpretation might
lead to inconclusive studies that don't help with diagnosis. In such cases, patients
may undergo repeat scans because the first image was interpreted incorrectly or

unclearly.

From this point of view, the study suspects that hospitals with high repeat imaging

rates or very high scan counts per machine will have higher rates of underdiagnosis
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The literature on overutilization of diagnostic technologies supports this view: an
estimated 20-50% of advanced imaging in OECD countries may be clinically
inappropriate or of low value (Hendee et al., 2010; OECD, 2017; Kjelle et al., 2022).
Such low-throughput imaging can delay true diagnosis by diverting time and
resources or producing incidental findings that confuse the picture (Hendee et al.,
2010).

Another study found that indiscriminate MRI scans for low back pain often find
abnormalities unrelated to pain, which does not bring the clinician any closer to a
true answer (Brinjikji et al., 2015). Therefore, more is not always better, and in this
context, we hypothesize that extremely high MRI utilization may be associated with
more underdiagnosis, not less, especially if some of these MRIs are repeated scans
due to indeterminate results. The study will then use the hospital's repeat scan rate,
an indicator of "low-quality imaging practice,” as a proxy. In summary, the
technological capacity strain hypothesis is that diagnostic inefficiencies or
overutilization may paradoxically correlate with a higher rate of unresolved

diagnoses.

3.4.3. Institutional Strain: Hospital Tier and Resource Constraints

The first part of the thesis classified hospital roles according to tiers for the Turkish
health system. Another hypothesis of the thesis assumes that lower-tier hospitals will
have higher underdiagnosis rates due to resource constraints. Accordingly, a small
regional hospital, such as Type D (Basic District Hospital) or Type E (Integrated
District Hospital), may not have on-site specialists and may have limited diagnostic
infrastructure. In such settings, when a complex patient arrives, the physician may
reach the limit of their capabilities and resort to an R code with the plan to "refer to a

higher-level facility" or request follow-up elsewhere.

Previous findings suggest significant quality differences in diagnostic capabilities
between small community hospitals and larger tertiary care centres (OECD, 2017).
For example, the OECD (2017) noted that a lack of specialized training in primary

care in mental health services in Japan led to the underdiagnosis of mild to moderate
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disorders until reforms were implemented. This exemplifies how limited expertise at
lower levels contributes to the underdiagnosis of conditions. The data in the study are
predicted to show similar patterns: Type C/D/E hospitals with smaller capacity will
exhibit higher R code frequencies than Type A university or research hospitals.
Accordingly, underdiagnosis should show a decreasing trend as hospital capacity and
resources increase. This hypothesis aligns with the intuitive idea that capacity
involves human expertise and equipment: where these are lacking, accurate

diagnoses are more difficult to achieve.

3.4.4. Patient Characteristics: Age, Gender, Severity of Disease

While the focus of the study is on health system factors, it is also hypothesized that
certain patient characteristics may impact diagnostic complexity and, consequently,
underdiagnosis. Older patients with multiple comorbidities may present with vague,
overlapping symptoms, making it difficult to establish a single, unifying diagnosis
(Marengoni et al., 2011). Given that complex disease symptoms are associated with
age and disease severity, these factors are hypothesized to potentially increase
underdiagnosis because older patients or more complex cases are inherently more

difficult to diagnose.

According to some studies, women may actually be underdiagnosed for specific
diseases: for example, cardiovascular disease in women is often missed early because
symptoms are atypical or nonspecific, leading to delays in diagnosis
(Keteepe-Arachi, 2017; Johnson et al., 2021). However, in the context of the study,
preliminary data-based findings suggest that being female is associated with a lower
likelihood of being separated by R code. Patient gender will be treated as a control
variable here, and its causality will not be explored in depth. The key is to be able to
adjust for patient case mix when examining system-level factors; thus, the conceptual
model assumes that capacity constraints increase underdiagnosis rates when holding

constant patient differences. This sets the stage for our empirical tests.

Overall, under diagnostic capacity factors and theoretical framework, several

systemic factors contribute to the intensity of diagnostic test use in Tiirkiye. This is
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reported in the Turkish Radiology Association’s report as: First, the limited number
of physicians relative to patient demand reduces the time available for adequate
clinical examination. Second, pressures to ensure patient satisfaction and meet rising
expectations regarding healthcare services encourage higher rates of imaging. Third,
the number of radiologists per patient remains insufficient, placing additional strain
on diagnostic processes. Fourth, excessive, uncontrollable, and often irrefutable
patient demands for imaging studies lead to utilization even in cases where such tests
are not medically necessary. Finally, defensive medicine practices play a critical
role: physicians increasingly rely on imaging methods perceived as rapid and reliable
substitutes for clinical examination, partly to mitigate the risk of patient
dissatisfaction or even violence in the event of perceived diagnostic shortcomings
(Turkish Radiology Association, 2018, p.5). Taken together, these drivers of test
intensity align closely with the hypotheses of the study. Under the constraints on
human capacity, institutional dynamics, and technological reliance echo both the
theoretical arguments in the literature. In the subsequent chapters, these dynamics
will be empirically tested to demonstrate how diagnostic capacity factors shape

underdiagnosis and uncertainty within the Turkish healthcare system.
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CHAPTER 4

DATA AND METHODOLOGY

4.1. Data Sources and Description

The empirical analysis in this thesis relies on three complementary datasets obtained
from the Ministry of Health (MoH), Republic of Tiirkiye, under official access
agreements. First, the MoH Hospital Utilization Data (2012-2016) — Selected
Nationals Subset is a patient-level dataset covering reimbursed hospital visits with
detailed information on demographics, application dates, hospital and physician
identifiers, ICD-10 diagnostic codes, and procedures, enabling longitudinal analysis
of diagnostic transitions and underdiagnosis. Second, the MOH Hospital Utilization
Data (2019-2023) — Selected Nationals Subset provides hospital-level information
on imaging utilization (MRI, CT, USG), allowing the assessment of recent trends in
diagnostic capacity and MRI efficiency. Third, a 2019-2023 patient-level MRI
dataset of approximately 50,000 applications is employed to investigate repeat MRI
behaviour, diagnostic quality, and patient heterogeneity in greater depth. Together,
these datasets capture both historical patient-level dynamics and contemporary
hospital- and patient-level utilization patterns, forming the empirical foundation of
the thesis.

4.1.1 Patient-Level Hospital Data (2015-2016)

The primary dataset is a comprehensive dataset of patient-level hospital records from
2015-2016. The dataset contains 2,648,448 individual hospital visit observations and
covers 577 different healthcare facilities, including public and private hospitals with
different administrative types and roles. Each record corresponds to a patient visit
and contains detailed information about patient demographics, admission

information, diagnoses, procedures, and outcomes.
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Patient Profile: Patients ranged in age from 0 to 98, with a mean age of around 40.
There is a slight female predominance in the sample, with approximately 65% of
visits made by women. Most admissions were relatively short: the average length of
stay was approximately 4.5 days, suggesting that many hospital visits were brief; a

small number had very long stays, up to a maximum of 516 days.

Diagnoses and Outcomes: Each record contains an ICD-10 diagnosis code for the
patient's condition. For the analysis of underdiagnosis, a certain proportion of cases
were coded in the range RO0—R99. In the dataset, 7.5% of hospitalizations end with
an R-code, suggesting a nonspecific or symptom-based outcome and thus serving as
a potential proxy variable for underdiagnosis in the study. Specific diagnostic codes
are present in about 92.5% of the remaining cases. The study defines a binary
variable R_Code_Prob 1 if the diagnosis is an R code, 0 otherwise, to identify cases

of underdiagnosis.

Treatments and Procedures: The data also contains rich information about the
procedures and services performed during each hospital stay. Each aspiration has a
unique procedure name, and these procedures are categorized into procedures such as
MRI scans, CT scans, laboratory tests, surgeries, etc. This information is used to
derive variables such as whether the patient received an MRI scan during their visit.
As a result, ‘Repeat MRI Same Day’ is created as a key variable for the research. It
was set to 1 if the patient had multiple MRIs done on the same day during a single
admission, and 0 otherwise. This captures situations where an MRI exam needs to be

repeated on short notice.

Hospital and Doctor Details: Each record includes details on the related physician
and is connected to a specific hospital. The data details the time period in which the
patient visited the hospital, including day, month, year, and time. From the time
information and doctor IDs, the doctor's total patient visits for that day were
calculated. Specifically, doctor total visits is the number of patients treated by the
same doctor on a given day. Although this varies greatly, a doctor in the sample sees
around 75 people every day on average. While some physicians see over 100 patients

a day, others see only a handful. Each entry includes hospital information as well.
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For instance, hope identifies the category of the hospital, while central hospital
indicates whether the hospital is a central high-level hospital. In addition, Hospital
bed capacity and utilization metrics are also combined with patient-level data using
general hospital-level information for 2015-2016. One significant variable here is
Bed Turnover Ratio, which measures how often beds are occupied and vacated on
average. The average bed turnover ratio in the data set is approximately 87 per year.
The data also include Referral Degree indicator, which reflects the hospital's
degree of referral. In practice, Referral Degree is calculated as the percentage of
patients arriving from outside the province or region where the hospital is located;
higher values indicate that the hospital serves as a regional referral centre. In this
sample, the referral index ranges from approximately 0% for local hospitals to

approximately 100%, highly specialized centres, with an average of around 30%.

The 2015-2016 patient-level dataset will form the basis of this thesis on how imaging
utilization relates to diagnostic outcomes. The study will then describe additional
datasets from 2019-2023, which are used to create instrumental variables and

additional covariates.

4.1.2. Hospital-Level Imaging Utilization Data (2019-2023)

To capture current long-term trends and hospital-level patterns in imaging utilization,
the study uses a second dataset containing hospital-level statistics from 2019 to 2023.
This dataset contains 23,245 observations, each representing one hospital year. The
dataset includes data on the total number of patient admissions per hospital and the
total number of imaging scans, broken down by imaging technology: Magnetic
Resonance Imaging (MRI) scans, Computed Tomography (CT) scans, and
Ultrasound (USG) scans. Key variables in this dataset are:

Total applications: total number of patient visits to the hospital in that year.

Total MRI Scans: total number of MRI examinations performed at the hospital in
that year.

Total CT Scans: total number of CT examinations in that year.

Total USG Scans: total number of ultrasound examinations in that year.
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Hospital Type: It indicates the type of hospital, such as primary healthcare
facilities, second and third level public healthcare facilities, other private, medical

center, private hospital, foundation, and university hospitals.

The study demonstrates the significant growth in MRI utilization in Tiirkiye and the
high utilization rate per device, as shown by national statistics in Chapter 1. Here, the
2019-2023 dataset provides a macro-level, up-to-date view of imaging utilization.
Accordingly, this hospital-level dataset shows these trends continuing: the total
number of MRI scans is increasing annually. On average, a hospital performs
approximately 15,000 MRI scans per year, but this varies depending on hospital size
and type. In addition, using the above variables, the study calculates an MRI
utilization rate for each hospital based on the ratio of total admissions to the number

of MRI scans.

4.1.3. Patient Follow-Up MRI Data (2019-2023)

The third dataset contains a total of 50,920 observations of patient-level MRI
utilization. This dataset includes patients who undergo MRI scans at the hospital
between 2019 and 2023, as well as their repeat MRI examinations. For each patient,
the data record includes the patient's demographic information, including age,
gender, and state of residence, the hospital where the MRI was performed, and the
dates of the first and second MRI, if applicable. Critically, it includes a binary
variable called repeat in 90 days which indicates whether the patient had a repeat
MRI within 90 days of the first MRI. In other words, repeat in 90 days = 1 if the
patient's second MRI occurred within 3 months of the first MRI, and 0 otherwise.
The dataset also counts the number of MRI procedures for that patient during that

period.

This dataset allows the study to quantify how frequently patients require additional
imaging over a short period of time. According to the data, approximately 12-13% of
patients who underwent an MRI had a second MRI within 90 days. Comparing this
repeat imaging rate, some studies have found repeat imaging rates in the 10-20%

range for specific modalities across various countries. Repeat scans may occur for
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legitimate clinical reasons, but studies in the literature suggest that a significant
portion are likely due to quality issues with the initial scan. The study generated a
hospital-level low MRI quality variable by calculating repeat MRI rates from this

dataset. This variable is then integrated into the 2015-2016 patient-level dataset.

4.2. Descriptive Statistics and Visualizations

Below, the thesis summarizes the descriptive statistics and visualizations proposed in
the study for each of the three datasets. Through summary statistics, the study
captures central tendencies and variations in patient characteristics, hospital types,
and diagnostic practices. These descriptive insights not only illustrate the scale and
structure of the datasets but also guide the subsequent econometric models by
highlighting areas where diagnostic uncertainty and underdiagnosis are most likely to

arise.

4.2.1. Patient-Level Hospital Data (2015-2016)

This dataset includes individual hospitalizations between 2015 and 2016, capturing
whether patients underwent MRI, CT, or USG examinations, their diagnoses, and the
characteristics of the hospitals where they received care. The descriptive statistics
and visualizations are designed to provide a comprehensive overview of diagnostic
uncertainty and imaging utilization across multiple dimensions of the data.
Specifically, the analyses cover the age distribution of patients and their probabilities
of receiving an R-code, highlighting potential age-related wvulnerabilities to
underdiagnosis. They further examine the gender distribution of patients and R-code
probabilities, allowing us to assess whether diagnostic uncertainty systematically
differs by gender. Revisit patterns are investigated both by gender and by hospital
type,thereby illustrating how institutional and demographic factors interact with
diagnostic processes. In addition, temporal distributions of admissions are linked
with R-code assignments, providing insight into how day-of-week and time-of-day
factors, often proxies for auxiliary staff capacity, shape diagnostic uncertainty. The
section also addresses resolution patterns of R-codes and diagnostic transitions,

tracing how patients initially assigned an uncertain diagnosis progress toward more
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definitive outcomes. Finally, the descriptive analyses include an exploration of same-
day repeat MRI patterns, which serve as a proxy for diagnostic quality and
efficiency, and provide a first indication of supplier-induced demand. Together, these
descriptive statistics and visualizations establish the empirical foundation for the
econometric models that follow, ensuring that patterns of diagnostic uncertainty are
contextualized before causal analysis.

Firstly, Table 2 summarizes all variables used in the empirical analysis below.
Accordingly, on average, hospitals recorded 97,561 applications per year, with wide
variation from 1 to nearly 4.9 million, reflecting differences in hospital size. MRI
and CT utilization also showed large disparities: while mean MRI scans per hospital
were around 14,569 and CT scans 16,000, maxima exceeded 2.2 million. These
results highlight both the expansion of diagnostic imaging capacity and the uneven
distribution of services across hospitals and regions.

Table 2. Summary Statistics of Patient Level Data (2015-2016)

1)

Observations  Mean SD Min  Max
R_Code_Prob 2648448 0.08 0.26 0 1
Central Hospital 2648448 0.10 0.31 0 1
Day Category 2648448 1.17 0.38 1 2
Hospital Name 2648448 278.63 196.82 1 577
Patient Gender 2648448 1.65 0.48 1 2
Patient Age 2648448 39.67 21.62 2 110
Hospital Type 2648448 2.11 1.29 1 8
Number of Beds 1861167 595.64 254.78 50 1627
Number of MRI Devices 1861167 1.37 0.52 1 4
Number of MRI Scans 1861167 42002.76 29096.56 123 122436
MRI Scans per Machine 1861167  28957.96 17111.35 123 72898
Number of CT Devices 2005012 1.80 0.94 0 5
Number of CT Scans 2005012 54855.33 37184.68 0 208457
CT Scans per Machine 2003455 30569.34 19450.61 O 89166
Number of MAM Devices 1830768 1.25 0.68 0 4
Number of MAM Scans 1830768 5850.55 5417.11 0 38532
Table 2 (continued)
MAM Scans per Machine 1813904 2000.28 4399.30 O 23695
Time Category 2648448 0.93 0.82 0 2
Doctor's total daily visits 2648448 74.82 63.00 1 568
Bed Turnover Rate 2464396 87.23 34.67 0 278
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Table 2. (continued)

ICD severity weight 2648448 38.99 59.35  -23 395
Severity Score 2648448 43.33 62.47 -23 558
Low MRI Quality 1399301 0.79 0.40 0 1
Referral Degree 797457 29.69 24.58 0 100
Repeat MRI same day 2648448 0.01 0.11 0 1
Observations 2648448

Figure 10 displays the overall age distribution of patients in the 2015-2016 dataset.
More than half of all encounters are concentrated among young adults aged 18-39
(52.3%). Middle-aged adults (40-64) represent 23.3% of the sample, while the
elderly (65+) account for 16.1% and children (0-17) for 8.3%. This composition
reflects the demographic profile of health service utilization, with younger adults

generating the largest share of visits.

Age group distribution of Patients

60
1

523

Share of patients (%)
30 40 50
1 1 1

20
|

10
|

BN 0-17 N 18-39
BN 1064 N 65+

Figure 10. Patient Age Groups (2015-2016)

Figure 11 presents the probability of receiving an R-code within each age group.
Here, it can be seen that diagnostic uncertainty is not evenly distributed across age.
Both the youngest (0-17) and oldest (60+) groups face the highest R-code
probabilities, at 11.1% and 11.4% respectively. By contrast, young adults (18-39)
have the lowest risk, with only 5.0% of encounters coded as R, while middle-aged
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patients (40-59) occupy an intermediate position at 9.0%. This U-shaped distribution
underscores that diagnostic uncertainty is concentrated at the extremes of the age

spectrum.

R-code distribution by age group
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Figure 11. R-Code Distribution by Age Group

The juxtaposition of Figures 10 and 11 highlights an important distinction between
capacity and risk. Although young adults dominate overall patient volume, their
likelihood of receiving an R-code is relatively low. Conversely, pediatric and
geriatric patients contribute fewer encounters overall but are significantly more likely
to experience diagnostic uncertainty. Approximate decomposition shows that, in
absolute terms, young adults still account for a substantial share of all R-coded
encounters due to their large numbers, but the burden of risk is disproportionately
borne by children and the elderly.

Figure 12 shows the overall gender distribution of patients in the 2015-2016 dataset.
Female patients constitute nearly two-thirds of all encounters (64.9%), while male
patients account for 35.1%. This imbalance reflects a well-documented pattern in
healthcare utilization, whereby women make more frequent use of medical services
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due to reproductive health needs, preventive care, and greater health-seeking

behaviour.
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Figure 12. Gender Distribution of Patients

Figure 13 presents the share of patients with R-codes by gender, capturing the
distribution of diagnostic uncertainty. Despite their lower representation in the
dataset, male patients exhibit a markedly higher probability of receiving an R-code
(10.6%) compared to female patients (5.9%). This finding indicates that diagnostic
uncertainty disproportionately affects men, even though women dominate the overall
patient population. Prior research suggests that men are more likely to delay seeking
healthcare, which often results in more advanced or ambiguous symptom
presentations at the point of care (Galdas et al., 2005; Courtenay, 2000). This pattern
may contribute to higher rates of R-code assignment, as physicians face greater
difficulty categorizing atypical or late-stage symptoms. At the same time, women—
despite higher service utilization—are often overrepresented in certain diagnostic
categories, such as musculoskeletal or mental health conditions, due to both
biological and socialized care-seeking patterns (Kuhlmann & Annandale, 2012).
From a systemic perspective, this gender gap highlights the importance of
incorporating patient heterogeneity into evaluations of diagnostic performance and
designing interventions that address both underdiagnosis in  men and

misclassification risks in women.
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R-code distribution by gender
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Figure 13. R-Code Distribution by Gender

Figure 14 shows the likelihood of patients revisiting after their first encounter with
any doctor. Male patients are more likely to return, with a revisit probability of
10.8%, compared to 7.7% among female patients. Although women constitute the
majority of overall patients in the dataset, men are more likely to return shortly after
their initial encounter. This suggests that men, despite their lower baseline
utilization, generate relatively greater short-term repeat demand on the system. One
possible explanation is that men’s health-seeking behavior tends to be more reactive
and problem-driven, meaning that when they do engage with the healthcare system,
they may present with conditions that require additional follow-up (Galdas et al.,
2005; O’Brien et al., 2005). Another interpretation is that diagnostic uncertainty at
the first encounter, as reflected by higher male R-code rates (Figure 13), could lead
to greater revisit probabilities. This reinforces the link between diagnostic ambiguity
and downstream healthcare demand, showing how underdiagnosis or unclear initial
evaluations can manifest in short-term system re-entries. Furthermore, gendered
communication dynamics between physicians and patients may contribute to
differences in follow-up visits, with studies suggesting that male patients often
receive less detailed consultation and reassurance, increasing the likelihood of return
visits (Tannen, 1990; Verbrugge, 1985).

56



Revisit after first visit (any doctor), by gender
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Figure 14. Revisit after first visit by gender

Figure 15 illustrates the distribution of revisit counts by gender. A large majority of
both male and female patients did not revisit within the observation period,
accounting for 76.7% of men and 81.3% of women. Among those who did revisit,
however, gendered differences are evident. Men are more likely to return once
(14.6% vs. 10.9% among women) or two to three times (5.3% vs. 3.6%). By contrast,
women are slightly more likely than men to return four or more times (4.2%
compared to 3.3%). These patterns suggest that men’s follow-up demand is more
concentrated in the short term, whereas women—although less likely to revisit
initially—qgenerate a subset of high-frequency repeat users. This aligns with broader
evidence that women’s greater health consciousness and chronic condition
management often translate into more sustained healthcare engagement (Verbrugge,
1985; Bertakis et al., 2000). Conversely, the higher one-off or moderate revisits
among men may reflect unresolved diagnostic uncertainty from initial encounters, as
indicated by their higher R-code probabilities (Figure 13), driving short-term returns
rather than long-term continuity of care. The gender divergence in revisit intensity
underscores the importance of differentiating between short-term diagnostic
clarification demand and longer-term chronic or preventive care demand when

evaluating system strain (Kuhlmann & Annandale, 2012).
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Distribution of revisit counts, by gender
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Figure 15. Distribution of revisit counts, by gender

Figure 16 further demonstrates that, conditional on revisiting, women accumulate
more repeat visits on average (3.54) than men (2.28). These results highlight a dual
pattern: men are more prone to episodic, short-term repeat visits, whereas women

who do revisit tend to engage in longer-term healthcare utilization.

This aligns with existing literature suggesting that women not only access healthcare
more frequently but also sustain longer episodes of care due to their greater
involvement in managing chronic conditions, preventive care, and reproductive
health needs (Bertakis et al., 2000; Green & Pope, 1999).

By contrast, men’s interactions with the healthcare system are often concentrated
around acute or unresolved episodes, consistent with their higher rates of diagnostic
uncertainty at first visits (Figure 13) and early repeat encounters (Figure 14). The
gendered divergence between episodic versus sustained utilization underscores the
importance of distinguishing between demand generated by immediate diagnostic

clarification and demand linked to continuous care pathways.
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Mean revisits per patient, by gender
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Figure 16. Mean Reuvisits per patient, by gender

Taken together, these findings suggest that revisit behaviour is not randomly
distributed but follows gendered patterns that shape how diagnostic and institutional
capacities are engaged. Men contribute disproportionately to short-term workload
strain, while women contribute disproportionately to sustained demand. Both
dynamics interact with human, institutional, and technological capacity, thereby

influencing the extent of diagnostic uncertainty within the Turkish healthcare system.

Figure 17 shows the overall distribution of patients across hospital types. The vast
majority of patient encounters take place in high-capacity hospitals: A2-type
institutions (tertiary-level general hospitals) account for 50.7% of admissions and
Al-type institutions (teaching and research hospitals) for 29.2%, together
representing almost 80% of the dataset. By contrast, lower-tier hospitals, B
(provincial general hospitals), C (district-level general hospitals), and D (small
district hospitals) types, receive only 12.1%, 4.3%, and 0.8% of patients,
respectively. The share of E1 (comprehensive integrated district hospitals), E2
(small integrated facilities) type hospitals and “Other” facilities is marginal. This
distribution underscores the centralization of diagnostic and treatment capacity
within Tiirkiye’s health system. The concentration of patients in A1 and A2 hospitals
reflects their role as referral and teaching institutions, where advanced diagnostic

infrastructure and specialized physicians are predominantly located.
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Patient Distribution by Hospital Type
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Figure 17. Patient Distribution by Hospital Type

Figure 18 presents the distribution of R-code diagnoses by hospital type. A2 Type
hospitals, despite hosting the largest share of patients, have the lowest rate of R-code
assignment (6.2%), while Al hospitals record a similar but slightly higher rate
(9.0%). By contrast, smaller and peripheral institutions demonstrate much higher
levels of diagnostic uncertainty: D-type hospitals (19.3%) and E1/E2 hospitals (28—
29%) show disproportionately high R-code shares relative to their patient

volume.

This gradient suggests that institutional capacity plays a central role in diagnostic
precision, with better-resourced and higher-tier hospitals able to minimize

uncertainty through access to more advanced technology and specialized staff.

Conversely, the elevated uncertainty observed in lower-tier hospitals likely reflects
resource constraints, limited diagnostic infrastructure, and heavier reliance on
generalist physicians. These findings underline how structural inequalities across
hospital types translate directly into disparities in diagnostic accuracy and patient

care.
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R-code distribution by hospital type
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Figure 18. R-Code Distribution by Hospital Type

This divergence between patient concentration and diagnostic uncertainty
underscores the uneven distribution of institutional and technological capacity. High-
tier hospitals appear better equipped to manage diagnostic demand, supported by
specialized physicians, auxiliary staff, and advanced imaging technologies. In
contrast, peripheral or lower-tier facilities face limited diagnostic infrastructure and
staff shortages, leading to greater reliance on provisional R-codes. From the
perspective of human capacity, the results suggest that physician expertise and
auxiliary staff support are more concentrated in A1/A2 hospitals, mitigating
underdiagnosis risks despite higher patient volumes. Conversely, lower-tier
hospitals, often with fewer specialists and less reliable support systems, appear more
prone to diagnostic uncertainty even under smaller workloads.

In summary, these descriptive findings reveal a dual dynamic in the Turkish health
system: central hospitals face volume-driven strain but achieve relatively lower
diagnostic uncertainty, while peripheral institutions handle fewer patients yet exhibit
disproportionately high rates of underdiagnosis. This structural imbalance motivates
the thesis’s econometric models, which explicitly test how human, institutional, and

technological capacity interact to shape diagnostic precision across hospital settings.
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Patient Admissions by Day of Week
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Figure 19. Patients Admissions by Day of Week

Patient Admissions by Time of Day
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Figure 20. Patient Admissions by Time of Day

Figures 19 and 20 show that patient admissions are unevenly distributed across both
the week and the day. Mondays concentrate the highest share of admissions (19.6%),
followed by Tuesdays (18.1%) and Wednesdays (17.3%), with volumes tapering off
toward Friday (14.2%) and dropping sharply on weekends (7.8% each on Saturday
and Sunday). By time of day, admissions peak in the morning hours (37.2%) and
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decline progressively into the afternoon (32.5%) and evening/night (30.3%). These
descriptive findings highlight systematic workload asymmetries for physicians and
auxiliary staff, illustrating how human capacity constraints vary across temporal

dimensions.

Figure 21 shows the overall share of patients receiving an R-code in the 2015-2016
dataset. R-codes, which represent uncertain or provisional diagnoses, account for
7.5% of all patient visits, while the remaining 92.5% received definitive diagnostic
codes. Although the proportion of R-codes appears modest, its magnitude is
significant in a large patient population and underscores the presence of diagnostic

uncertainty within the healthcare system.

R-Code Share among Patients (2015-16)
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Figure 21. R-Code Shares among Patients (2015-2016)

Figures 22 and 23 examine the distribution of R-codes across time. By day of the
week, R-code probabilities are lowest on Mondays (7%) and rise progressively
throughout the week, reaching 9% on weekends (Sundays and Saturdays). This
pattern indicates that diagnostic uncertainty is more prevalent when institutional and
staffing capacities are reduced, as is the case during weekends. The midweek decline
may reflect higher staffing levels and greater availability of specialist consultations,
while the weekend increase suggests that constrained human capacity—in terms of
both physicians and auxiliary staff—contributes to higher reliance on uncertain

diagnostic classifications.
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Figure 22. R-Code Rate by Day of Week

R-Code Rate by Time of Day

Mean R-Code Probability

Morning (05:00-10:59) Afternoon (11:00-15:59Evening/Night (16:00-04:59)

Figure 23. R-Code Rate by Time of Day

A similar pattern emerges by time of day (Figure 23). Morning admissions have the
lowest R-code rate (6%), while the probability increases to 8% in the afternoon and
peaks at 9% during evening and night hours. This distribution reinforces the central
role of human capacity strain in shaping diagnostic quality. Physicians face rising

fatigue and reduced decision-making precision as the day progresses, while support
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staff availability is often reduced during evening and night shifts. Together, these
dynamics elevate the risk of diagnostic uncertainty at later hours.

Figure 24 shows revisit behaviour among patients initially assigned an R-code. The
vast majority (98.7%) of these patients did not appear again in the dataset within the
observed period, while only 1.3% revisited on a different day. Among those who
revisited, 64.2% subsequently received a definitive diagnosis, whereas 35.8% were
again classified under an R-code. This pattern indicates that while diagnostic
uncertainty is occasionally resolved in follow-up encounters, a substantial share of
revisiting patients continues to circulate within ambiguous diagnostic categories. The
persistence of R-codes upon return highlights inefficiencies in the diagnostic process,
where additional encounters do not always provide greater clarity. This outcome is
consistent with findings in the literature that limited institutional resources,
overreliance on non-specialist physicians, and variability in imaging quality can
prolong diagnostic ambiguity rather than resolve it (Azari, 1996; Ozen et al., 2022).
At the same time, the very low overall revisit rate points to barriers in continuity of

care, potentially reflecting patient drop-out, weak referral pathways, or
underdeveloped follow-up mechanisms.
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Figure 24. Revisit & Next Visit Outcome after R-Code
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Figure 25 further disaggregates resolution timing. Among patients with an R-code,
only a very small fraction transitioned to a definitive diagnosis within 7 days (1.5%),
8-30 days (2.5%), 31-90 days (2.3%), or even 91-180 days (1.3%). A negligible
share resolved after more than 180 days (0.9%). Strikingly, over 91% of R-code
cases remained unresolved within the follow-up horizon. This points to structural
issues in the diagnostic pathway: either provisional codes are left uncorrected in
administrative data, or patients do not return for clarification, reflecting both
institutional shortcomings in follow-up protocols and human capacity strain leading
to incomplete documentation. The dominance of unresolved cases also suggests that
uncertainty may be “absorbed” into routine patient management, with ambiguous
coding persisting rather than being actively corrected. Such persistence has been
highlighted in studies showing how systemic overload, insufficient diagnostic
resources, and limited incentives for coding accuracy can perpetuate provisional
classifications (Baker, Atlas, & Afendulis, 2008; Smith-Bindman et al., 2008).
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Figure 25. Time from R-index to first definite diagnosis

Figure 26 examines the ICD categories into which R-code patients transition once a

definitive diagnosis is established. Among those who do convert to a non-R
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diagnosis, the first definite ICD chapters are concentrated in circulatory (I ~16%)
and respiratory (J =16%) diseases, followed by digestive (K =~14%), factors
influencing health status/encounters (Z =8%), genitourinary (N =8%),
musculoskeletal (M =6%), pregnancy/childbirth (O =5%), and malignant neoplasms
(C =5%), with smaller shares across endocrine (E), nervous (G), hematologic/benign
neoplasms (D), skin (L), injury (S/T), and others. These transitions are clinically
plausible, as R-codes frequently mask nonspecific symptoms (e.g., chest pain,
general malaise, dizziness) that may later be clarified into chronic or acute conditions
within these ICD domains. The concentration in such categories underscores the
clinical complexity behind provisional coding and its link to technological capacity,
as imaging and laboratory support are often required to move from symptom-based

to disease-specific diagnoses.
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Figure 26. First Definite ICD Code after R-Index

In summary, these descriptive findings show that diagnostic uncertainty (R-codes) is
both persistent and unevenly resolved. The extremely low revisit rates and high
unresolved share highlight gaps in follow-up care and systemic inefficiencies in
documentation. Where resolution does occur, it is disproportionately tied to
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conditions that require resource-intensive diagnostics. These insights provide an
empirical foundation for the thesis’s econometric modelling, in which R-code
assignment is treated as an outcome of capacity strain across the human, institutional,

and technological pillars.

Figure 27 presents the rate of same-day repeat MRI by hospital type. The incidence
of repeat imaging is highest in the “Other” hospital category (2.9%) and in Al
hospitals (2.5%). In contrast, repeat rates are substantially lower in A2 hospitals
(0.9%) and B hospitals (0.4%). This variation suggests that institutional and
technological capacity are critical determinants of diagnostic quality. Higher repeat
rates in Al hospitals, large referral centers with advanced technology, may reflect
both higher patient complexity and greater strain on MRI infrastructure. Conversely,
lower repeat rates in A2 and B hospitals may indicate either lower patient complexity
or underutilization of available imaging capacity.

Same-Day Repeat MRI Rate by Hospital Type
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Figure 27. Same-Day Repeat MRI by Hospital Type

Figure 28 explores the diagnostic distribution of same-day repeat MRI encounters by
ICD groups. The results reveal that repeat imaging is most frequently associated with
circulatory system diseases (I, 15.9%), symptoms and ill-defined conditions (R,
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13.2%), musculoskeletal disorders (M, 10.7%), and nervous system diseases (G,
10.5%). These categories collectively account for a substantial share of repeat scans
and are typically conditions where imaging precision is vital for diagnosis. The
prominence of R-codes in this distribution underscores the link between diagnostic
uncertainty and repeated imaging, suggesting that same-day repeats function as a

corrective mechanism in contexts of ambiguous clinical presentation.
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Figure 28. ICD Groups among Same-Day Repeat MRI Encounters

Taken together, these patterns highlight the interplay of technological capacity and
human capacity in shaping diagnostic outcomes. High repeat rates in certain
hospitals point to strains on machine quality or scheduling efficiency, while the
concentration of repeats in specific ICD groups reflects clinical challenges and
decision-making under uncertainty. Repeated imaging not only increases costs and
resource use but also signals potential inefficiencies and risks of underdiagnosis in

the diagnostic process.

4.2.2. Hospital-Level Imaging Utilization Data (2019-2023)

Table 3 reports the descriptive statistics of hospital-level imaging capacity indicators.
On average, hospitals performed 14,569 MRI scans, 16,000 CT scans, and 22,000
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USG exams annually, though the ranges are extremely wide, with maximum values
exceeding two million for both MRI and CT. These large disparities also highlight
the uneven distribution of imaging workloads across hospitals. Such variation again
reflects structural differences between peripheral hospitals and central institutions,

underscoring the imbalances in diagnostic capacity within the healthcare system.

Table 3. Descriptive Statistics for Hospital-Level Imaging Utilization (2019-2023)

1)

Obs mean sd min max
Year 23245 2021.533  1.457459 2019 2023
Total Applications 23245 97561.02  282668.1 1 4907701
MRI Scans 7306 14569 50447.99 1 2202343
CT Scans 7435 19223.8 61041.88 1 2437267
USG Scans 8047 31471.39 94290.24 1 2546659
Hospital Type 23245 3.777845  1.806254 1 9
Hospital ID 23245 5414141  2509.781 1 9599
MRI Utilization 7306 4.382448  9.997797 .0002172 420.2327
Rate
USG Utilization 8047 8.457502 15.11001 .0003892 594.6362
Rate

CT Utilization Rate 7435 4.360801  9.695454 .0004108 340.3199

Observations 23245
Note: Utilization Rates represent scans per 100 hospital applications

Figure 29 maps MRI utilization per 100 outpatient applications by province in 2023.
Utilization is heterogeneous across space, with clusters of high and very high use
concentrated in several western and northern provinces, while low to medium use is
more common in parts of the interior and southeast. This spatial pattern is consistent
with the concentration of A1l/A2 type hospitals, which typically house greater

scanner capacity and subspecialist radiology services.

From the perspective of the diagnostic capacity pillars, firstly, on the side of
technological capacity, provinces with higher utilization likely have greater scanner
density and longer operating hours, enabling more scans per application. Under
institutional capacity, metropolitan referral networks and stronger gatekeeping/triage
may channel complex cases toward high-capacity provinces, elevating MRI per

application. Conversely, provinces with lower rates may rely more on alternative
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modalities (US/CT) or face scheduling bottlenecks that depress MRI access. For the
human capacity, higher utilization provinces imply larger radiology teams and
auxiliary staff, but also heightened workload intensity, which can affect reporting

times and image quality.

Thus, the observed clustering is consistent with evidence of spatial accumulation of
diagnostic technologies in Tiirkiye (Songur & Top, 2016) and mirrors international
findings that high-capacity regions tend to disproportionately attract investment and
patient flows, thereby reinforcing inequalities in diagnostic access (Huang et al.,
2023).

MRI Utilization per 100 Applications by Province (2023)

Figure 29. MRI Utilization per 100 Applications by Province (2023)

Figure 30 depicts the direction of change in MRI utilization over 2019-2023. The
map reveals a fragmented picture: some provinces show increases, others decreases,
and many no significant change, highlighting persistent regional gaps. These
divergent paths reflect the unequal distribution of diagnostic capacity. Increases
often occur in provinces catching up to national averages, while declines in higher-

baseline areas point to efficiency limits and substitution pressures.

The COVID-19 period amplified these inequalities: although all provinces faced
temporary contractions, recovery trajectories diverged, with stronger regions
restoring volumes faster while weaker ones lagged. Overall, the evidence suggests
that MRI utilization in Tiirkiye is shaped less by a coordinated national trajectory

than by regional disparities in capacity and resilience, leaving patients’ access to
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diagnostic certainty heavily dependent on geography and raising concerns about both

equity and efficiency in the health system.

MRI Utilization Change (2019-2023)
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Figure 30. MRI Utilization Change (2019-2023)

Taken together, the spatial evidence underscores both concentration and divergence
in MRI utilization. The 2023 map demonstrates the centralization of high MRI use in
provinces with stronger technological and institutional endowments, while the 2019-
2023 change map points to uneven convergence: some underserved areas expanded

MRI activity, others contracted or stagnated.

These descriptive patterns motivate the hospital-level models in Chapter 4, where we
examine how repeat MRI rates and diagnostic outcomes vary with (i) scanner
availability and utilization intensity (technological capacity), (ii) hospital mix and
provincial referral networks (institutional capacity), and (iii) staffing proxies (human

capacity).

Figure 31 illustrates yearly average imaging scans per hospital across modalities
(MR, CT, USG). USG remains the most widely performed modality, with average
volumes ranging between 27,000 and 35,000 scans per hospital annually. CT scans
show a sharp increase in 2020, likely reflecting pandemic-driven diagnostic needs,
followed by a modest decline and stabilization. MRI volumes are consistently lower
than CT and USG but exhibit steady growth, rising from approximately 12,000 in
2019 to nearly 19,000 in 2023. These trends confirm that MRI capacity has expanded
in recent years, though it remains secondary to USG and CT in terms of raw

volume.
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Yearly Average Imaging Scans per Hospital
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Figure 31. Yearly Average Imaging Scans per Hospital

Figure 32 depicts mean MRI utilization per hospital, measured as scans per 100
applications. Utilization increased from 3.9 in 2019 to a peak of 4.7 in 2021, dropped
sharply in 2022 (pandemic backlog and reallocation effects), and then rose again to
4.8 in 2023. This trajectory demonstrates the sensitivity of diagnostic demand to

external shocks, as well as the recovery of MRI use in the post-pandemic period.
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Figure 32. Mean Hospital Level MRI Utilization Rate, 2019-2023

Figure 33 disaggregates MRI utilization rates by institution group. University

hospitals consistently display higher utilization, averaging 8-10 scans per 100
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applications, reflecting their role as referral centres handling complex diagnostic
cases. Private hospitals, medical centres, and secondary public facilities operate at
much lower rates (around 3-6 scans per 100 applications), suggesting more
restrained or selective MRI use. Interestingly, “Other Private” hospitals experienced
a dramatic drop from 30 scans per 100 applications in 2019 to about 13 in 2021,
followed by a recovery after 2022, highlighting instability in private sector utilization
patterns. These differences underscore the role of institutional capacity, where

ownership and governance structures directly shape MRI demand intensity.

MRI Utilization Rate by Institution Group (2019-2023)

30.0
%]
=
ie]
8
=20.0
o
<C
(=]
o
£10.01
%]
c
@
Q B R B A T T T D L i c o o e n o e
%] TonnEEEes TemsmmmmEE T

0.0
T T T T T
2019 2020 2021 2022 2023
Year
University Hospitals — — — — Private Hospitals
Medical Centers ~ -------- Secondary & Tertiary Public Facilities

Private & Foundation Universities Other Private

Figure 33. MRI Utilization Rate by Institution Group (2019-2023)

Figure 34 examines MRI utilization across NUTS-1 regions. East Marmara
consistently reports the highest utilization, rising above 7 scans per 100 applications
in 2021 and exceeding 9 by 2023. This suggests a concentration of diagnostic
demand in industrialized and densely populated provinces such as Kocaeli and
Sakarya, where both technological capacity and patient demand are high. By
contrast, Central Anatolia, the Black Sea regions, and Southeast Anatolia maintain
lower utilization levels (around 3-5 scans per 100 applications), reflecting more
constrained access. Istanbul, although the largest metropolitan hub, exhibits only
moderate utilization, which may be explained by higher patient volumes diluting per-

application scan rates.
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MRI Utilization Rate by Region (2019-2023)

(=T
w—
c
he]
=
©
(8]
=0 —
[=}
a
<
o
o
—© o
=
Q
a
——
o | ==
Col oo—m———— —— -
3~ — e
(%]
o
=,
T T T T T
2019 2020 2021 2022 2023
Year
Istanbul — West Marmara Aegean
East Marmara — West Anatolia Mediterranean
Central Anatolia — West Black Sea East Black Sea
Northeast Anatolia ——— Central East Anatolia Southeast Anataolia

Figure 34. MRI Utilization Rate by Region (2019-2023)

Together, these descriptive findings reveal that technological capacity (machine
stock and utilization intensity) and institutional structures jointly determine MRI
activity across Tirkiye. Regional disparities further demonstrate that access and
intensity are unevenly distributed, raising equity concerns. The growth of MRI use
from 2019-2023 reflects both supply-side expansion and shifting patient demand,
with the pandemic leaving clear but temporary disruptions. These hospital-level
patterns will be directly incorporated into subsequent econometric models, where
MRI utilization per hospital serves as a proxy for technological capacity, and
institutional and regional groupings are used to capture systemic heterogeneity in

diagnostic performance.

4.2.3. Patient-Level MRI Imaging Utilization Data (2019-2023)

Table 4 reports descriptive statistics for a hospital-year panel spanning 2019-2023
(N=50,920). It presents patient-level MRI application data, which forms the basis for
constructing the low MRI quality indicator. By tracking repeat MRI examinations
within patients, the dataset allows measurement of repeat rates, serving as a proxy

for imaging quality.
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Table 4. Summary Statistics of Patient-Level MRI Follow Up Data (2019-2023)

1)

Observations mean sd min max
Patient Age 45297 43.66936 17.511 0 105
Repeat in 90 Days 50920 1244501 .3300976 0 1
Number of MRI Procedures 50920 1787313 .5666963 0 15
Hospital Type 50920 3.16469 2.657601 1 8
Patient Gender 45297 1.530388 4990812 1 2
Year 50920 2019.453 1.026728 2019 2023
Hospital ID 50920 451.4114 322.7701 1 1181
Observations 50920

Figure 35 illustrates the annual share of MRI patient applications between 2019 and
2023. The data are heavily concentrated in 2019, which alone accounts for nearly
80% of total observations. Subsequent years show smaller proportions, ranging from
6.7% in 2020 to 3.5% in 2023.

Share of MRI Patient Applications by Year
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Figure 35. Share of MRI Applications by Year

Figure 36 presents the age distribution of MRI patients. The distribution follows a
bell-shaped curve centred around middle adulthood, with the largest number of
applications occurring between the ages of 35 and 55. This indicates that MRI
demand is concentrated among working-age adults, who are most likely to present
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with musculoskeletal, neurological, or chronic conditions that necessitate imaging.
Pediatric and elderly patients represent smaller, though still notable, proportions of

total MRI users.
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Figure 36. Age Distribution of MRI Patients

Figure 37 displays the gender distribution of MRI applications. Women account for a
larger share of MRI usage than men, consistent with both international literature and
the 2015-2016 patient-level findings. This pattern reflects broader gendered
differences in healthcare utilization: women are more likely to seek medical care and
to undergo diagnostic procedures, particularly in reproductive age groups and for

chronic conditions.

The gender imbalance in MRI usage has implications for institutional capacity, as
healthcare facilities must ensure equitable access and appropriate referral practices
across genders. It also suggests that diagnostic demand is shaped not only by medical
need but also by patterns of health-seeking behavior and physician referral

practices.
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Figure 37. Gender Distribution of MRI Patients

Figure 38 reports the distribution of MRI patient counts by hospital type. Secondary
and tertiary public hospitals account for the largest share of MRI patients, exceeding
30,000 cases in the dataset. Private hospitals follow with substantial volumes (around
15,000 cases), while university hospitals contribute a moderate number of patients.
By contrast, medical centers, private and foundation universities, and other private
institutions serve only a small fraction of MRI patients. This concentration of
diagnostic imaging within public referral hospitals underscores the institutional
capacity pillar, reflecting the central role of large-scale public hospitals in delivering
advanced diagnostics. Private hospitals provide a complementary role, catering to a
significant patient base, whereas specialized or smaller providers appear marginal in

terms of patient volume.

MRI Patient Count by Hospital Type
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Figure 38. MRI Patient Count by Hospital Type
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Figure 39 illustrates the probability of repeat MRI scans within 90 days by hospital
type. Repeat rates vary considerably across institutions. “Other private” hospitals
display the highest relative share of repeat MRIs, exceeding 20% of patients,
suggesting potential quality concerns, patient complexity, or revenue-driven
utilization incentives. University hospitals and secondary/tertiary public hospitals
also show elevated repeat rates (around 10-15%), which may reflect the
concentration of complex cases requiring follow-up imaging. Private hospitals and
foundation universities, while serving fewer patients overall, exhibit comparatively

lower repeat rates, suggesting differences in case mix or imaging protocols.

Repeat MRI Distribution in 90 Days by Hospital Type
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Figure 39. Repeat MRI Distribution in 90 Days by Hospital Type

Together, these results highlight two important aspects of diagnostic capacity. First,
institutional concentration: the bulk of MRI activity occurs in high-capacity public
and private hospitals, shaping system-wide diagnostic performance. Second, quality
and efficiency variation: repeat scan rates differ markedly by hospital type, pointing
to technological and organizational disparities that influence diagnostic certainty and
patient management. From a policy perspective, high repeat rates in certain
institutions raise concerns about efficiency, overutilization, and uneven quality

standards across the healthcare system.
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4.3. Key Variables and Their Construction

Now, the study describes the main variables used in the thesis, how they are defined

and constructed below.

The dependent variable in the models is defined as a binary indicator of whether the
patient's primary diagnosis is an ICD-10 "R-code.” R-codes refer to symptoms rather
than specific diagnoses. The thesis interprets an R-code result as an indicator of
underdiagnosis. For each patient visit, R_Code_Prob = 1 if the primary diagnosis's
ICD-10 code is in the range R00-R99, and O if the diagnosis is a defined disease.
This variable is calculated directly from the diagnosis codes in the 2015-2016 patient
data. As noted, R_Code_Prob =1 in approximately 7-8% of visits in the sample.
Using this variable allows us to quantify the probability that a patient leaves the
hospital without a clear diagnosis.

This is a binary indicator indicating whether a patient received multiple MRI scans
on the same day during their hospital stay. This is generated from procedure-level
records in the patient dataset using multiple different MRI procedure names on the
same day of hospital admission. According to this, if a patient had at least two
different MRI procedure entries on the same date, Same Day Repeat MRI = 1,
Multiple MRI scans performed on the same day at different territories indicate a
quality problem in the healthcare system, suggesting poor image quality or unclear
symptoms that make diagnosis challenging. This could potentially lead to an R code
error. Therefore, the study included this as an independent variable to see if such an

occurrence was associated with a higher probability of underdiagnosis.

Repeat MRIs performed on the same day may indicate supply-driven demand
behaviour, or this could be due to time and fatigue, which make it difficult for
doctors to diagnose complex cases, or it could be due to the poor image quality of the
MRI machine. Thus, this variable is potentially endogenous and serves as a proxy
variable, as it will be influenced by patient confusion, physician behaviour regarding

potential overuse, and machine quality factors.
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This variable is a hospital-level proxy for MRI practice quality generated from the
2019-2023 MRI patient-level dataset. Repeat MRIs performed within 90 days of the
MRI patient dataset were used to generate the variable. repeat 90days=1. To
calculate each hospital's long-term repeat MRI rate, all repeated MRIs performed
between 2019 and 2023 are aggregated. This variable was then merged to the 2015-
2016 analysis dataset using the hospital identifier as a time-independent hospital
characteristic. For each hospital, Low Quality MRI is defined as a binary indicator,
that equals 1 when the repeat rate exceeds 60%. This threshold identifies hospitals
operating in low-quality MRI environments where overuse, inefficiency, or
suboptimal diagnostic quality are systematically higher. Therefore, because it is
measured using a later timeframe (2019-2023), it is not affected by the 2015-2016
results and can therefore be used as a proxy or external control for persistent quality

differences in MRI practices.

To flexibly control for differences in hospital imaging capacity, the study includes
categorical indicators of hospital MRI utilization per machine. Using hospital-level
MRI utilization data from 2016, each hospital is categorized into three groups: Low,
Medium, and High utilization of MRI scans per machine. Based on the 2015-2016
patient-level dataset, approximately 13% of patient visits are in low-utilization
hospitals, approximately 53% in medium-utilization hospitals, and approximately

34% in high-utilization hospitals.

The severity score variable captures the clinical complexity of a patient's case by
combining length of stay with a diagnosis-specific severity weight. The study first
estimated the relationship between the diagnosis category and total hospital stay
hours using a linear regression using the Z-category "Factors influencing health
status and contact with health services." The estimated coefficients from this
regression were assigned severity weights for each ICD code, and the severity weight
for the initial category was set to zero. The severity score was then created by
summing the patient's total length of stay and the assigned severity weight. Thus, the
disease severity score quantitatively describes the complexity of the disease by

combining the inherent severity of the patient's diagnosis and the length of stay.
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These variable measures the number of patients seen by the treating physician on the
day of the visit. This is calculated by counting all visits with the same doctor and on
the same date, based on the physician ID and patient presentation date in the data.
Accordingly, the daily patient count ranges from a low of 1 to a high of 568, with an
average of approximately 75. In this study, it is expected that physicians with a
higher patient load per day are more likely to use MRI and are more likely to miss a

definitive diagnosis due to time constraints, leading to an R code.

This is a continuous variable representing hospital-level throughput. It represents the
number of hospitalizations per bed per year. A higher bed turnover rate may indicate
a busy hospital, where stays are short and patient volume is high. Data for the study
are taken from the Ministry of Health's statistics on hospital capacity for 2015 and
2016. In our sample, there are approximately 87 hospitalizations per bed per year on
average. This data is included in this study to control for hospital density and
pressure because hospitals with very high turnover rates may be practicing hasty
discharges, leading to more uncertain diagnoses.

The Referral degree variable represents the degree of a hospital's referral role within
the Turkish healthcare system. It is an integer-coded classification ranking from low
to high referral capacity. Higher values indicate hospitals are more likely to serve as
tertiary referral centers. The lowest categories, such as 1, 2, and 3, represent smaller
or primary care institutions, while the highest codes, such as 90 and 100, correspond
to large, fully specialized hospitals. This variable allows us to control for institutional
role and specialization in the analysis and capture the impact of a hospital's location

in the referral network on diagnostic accuracy results.

The hospital type variable includes grade roles A through E based on hospital
capacity. This categorical variable controls for institutional differences. In Tiirkiye’s
hospital classification system, Al hospitals are tertiary-level teaching and research
hospitals with specialist training programs and advanced care capacity. A2 hospitals
are tertiary-level general hospitals that provide complex care but lack teaching
status. B hospitals are provincial general hospitals with moderate capacity and 24/7

emergency and specialty coverage. C hospitals are district-level general hospitals
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with basic specialty services and limited inpatient capacity. D hospitals are small
district hospitals providing core services such as deliveries, minor surgeries, and
outpatient care. E1 hospitals are comprehensive integrated district hospitals offering
limited inpatient and maternity care with some specialist support. E2 hospitals are
small integrated facilities run by general practitioners, providing basic emergency,
lab, and imaging services in low-population areas. In addition, the central_hospital
variable is included; approximately 10% of the sample is in these central hospitals.

Including these hospitals helps control for unobserved differences across facilities.

Other important control variables are patient age and gender. Age is a continuous
variable and ranges from 0 to 98 in the sample. The mean age is 40. Gender is
included as a dummy variable, and we use factor variables for patient_gender
(male/female). This accounts for systematic differences in diagnostic patterns by age

or gender.

To capture timing differences in diagnostic capacity, the study includes variables for
day of the week and time of admission, which serve as proxies for auxiliary staff
availability. day_category is an indicator of whether the admission occurred on a
weekend/holiday or workday. Most admissions occur on weekdays; only about 17%
are admitted on weekends/holidays when auxiliary staff levels are lower and elective
admissions are rare. This controls for any reduced diagnostic staffing or different

case mix on weekends.

Similarly, time_category indicates the time of day the admission occurred and was
categorized into three groups: morning hours, afternoon/evening, and evening/night.
Diagnostic support staff are concentrated during daytime hours, while staffing is
reduced in the evenings and nights. This variable thus proxies the reduced
availability of auxiliary staff and potential diagnostic bottlenecks outside regular

hours.

In summary, variables include human capacity factors as patient demographics,
severity, and doctor total visits daily, institutional capacity factors as hospital type,
central hospital, referral degree and MRI utilization level per device and, most
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importantly, variables related to machine capacity as repeat MRI on same day and
low-quality MRI. Having defined these variables, we now describe the empirical

strategy for assessing the impact of MRI use on underdiagnosis.
4.4. Empirical Methodology

This section outlines the empirical framework used to estimate the determinants of
underdiagnosis in the Turkish healthcare system, focusing on variables identified in
human, institutional and machine capacity factors. Two main approaches are applied:
(i) basic logistic regressions of the probability of underdiagnosis, (ii) instrumental
variable (IV) models to address endogeneity in total daily physician visits and MRI

quality utilization.
4.4.1. Logistic Regression for Underdiagnosis Probability

The study first estimates a logistic regression model to examine how various factors
are associated with the probability of underdiagnosis. The dependent variable is
¥i; = R_Code_Prob;; (1 = underdiagnosis,0 = specific diagnosis). Key
explanatory variables include MRI-related indicators and a full set of controls, as
described above. Given the binary nature of the dependent variable, the primary
modelling approach is logistic regression. For patient i in hospital j, the probability

of underdiagnosis is modelled as:

lagit (F[R_Code_Frobij = 1)) =+ ﬁl[Repear_MRI_Same_Da}?U-) +
B;(Low_MRI_Quality;) + B3(Doctor_Total_Daily Visits,;) +
Bi(MRI_Utilization_Per_Machine;) +y'X;; + &;;

Where:

X;;2 Vector of control variables including patient age, gender, severity score, hospital
type, central hospital status, and temporal indicators.

&;;- Error term, clustered at the hospital level to account for intra-hospital correlation.

The logistic regressions are estimated in three stages:
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1) Human Capacity Model: includes supply-side indicators including repeat
MRI same day, doctor total daily visits, MRI utilization level per machine
and controls but excludes quality metrics.

i) Hospital Capacity Model: augments the baseline with hospital capacity
indicators of Referral Degree Rate and Bed Turnover Ratio, and Low MRI
Quality

iii) Machine Capacity Model: augments the baseline by incorporating both
human and hospital capacity indicators and includes machine capacity
indicators as utilization levels per machine for MRI, CT, and mammaography,
and Low MRI Quality metric.

4.4.2. Instrumental Variable (1) Models for Doctor Total Daily Visits and MRI
Machine Quality

This chapter addresses key methodological challenges in estimating the causal
impact of diagnostic system constraints on underdiagnosis. In particular, it focuses
on the endogeneity of doctor' daily visits and same-day repeat MRI and presents an
instrumental variable (IV) strategy to isolate their true effects. The discussion
proceeds step by step: (i) introducing IV methodology using time-based instruments
due to unobserved doctor quality, (ii) introducing IV methodology for repeat MRI

utilization to detect machine quality.

First, the total number of physician visits, defined as the total number of patients
seen by a physician on a given day, cannot directly capture physician workload, as it
may be related to  unobservable  physician  quality.  Therefore,
Doctor_Tatal Daily Visits;; serves as one of the main endogenous regress in the
model. It reflects variation in a physician's daily workload and can affect diagnostic
accuracy. However, because more patients may be assigned to more skilled
physicians, this measure of workload could potentially be related to unobservable
physician quality, necessitating an IV approach in the study. To address this, the

study constructs an instrumental variable using exogenous time-based variation:

time_category. morning, afternoon, evening appointment slots

day_category: weekday, weekend, holiday
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These time variables influence how many patients a doctor sees on a given day, but
are plausibly uncorrelated with a doctor's intrinsic diagnostic skill.

First-stage regression (relevance test):

Docmr_Tom!_V;r'sirs_Da}ri}- = m, + m, I.time category + m,i.day category +

8TX;+0;

Second-stage regression (structural equation):

logit (F(R_Code_Prabij = 1]) =g+ ,El[Dacmr_Tam!_V:'sirs_Da}rij) +
B,(Repeat_MRI_Same_Day,;) + B;(MR_Utilization_Per_Machine;) +y" X,; +

=

Theoretically, if unobserved physician quality is positively correlated with workload,
the OLS coefficient will exhibit a reverse trend. Thus, the IV estimation should
isolate the true causal effect of workload, which the study expects to be positive.
Endogeneity may arise because unobserved physician quality (skill/speed) affects
both workload and underdiagnosis. Because Tiirkiye has a self-referral system,
patients can make appointments with doctors of their choice. Therefore, highly
skilled physicians are more likely to make more appointments and better diagnoses.
Thus, a physician's workload reflects not only the time constraints they face but also
latent quality characteristics. This endogenous relationship tends to bias the
coefficient toward zero or even negative in the basic OLS regression. In a simple
OLS model, these effects cancel each other out, leading to attenuation bias. By using
time-based IVs that shift workload exogenously, the study holds quality constant and

recovers the true negative diagnostic effect of increased workload.

The main hypothesis of the study is that MRI overutilization, whether due to
increased capacity pressure or poor diagnostic quality, leads to higher rates of
underdiagnosis and is driven by the efficiency-quality trade-off in healthcare.
However, MRI utilization intensity is likely endogenous due to omitted variables

such as management quality across hospitals, doctor skills, or diagnostic culture.

To identify the causal effect of MRI utilization intensity pressure on underdiagnosis,
the study proposes an instrumental-variables (IV) strategy that treats high-frequency
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MRI intensity as endogenous and uses Low MRI Quality (2019-2023) as an
instrument. It presents a primary design using Same Day Repeat MRI as the
endogenous regressor. Both are estimated with clustered standard errors at the

hospital level.

Endogenous regressor: The study considers hospital-level measures of MRI
utilization intensity as potentially endogenous. Specifically, repeat MRI on the same
day is measured as a binary indicator equal to one if a patient received two or more
MRI scans on the same day. This variable serves as a proxy for diagnostic
inefficiency or scanner mismanagement, capturing instances in which limited
capacity or poor image quality may lead to redundant imaging. However, this
measure may also be correlated with unobserved institutional or physician
characteristics, such as management quality, triage practices, or patient case-mix.
Hospitals with higher MRI throughput may simultaneously differ in their diagnostic
accuracy, which could bias estimates in underdiagnosis models if not properly
addressed. Evidence from Tiirkiye shows that poor image quality is a significant
driver of repeated MRI scans, with up to 34% repetition rates due to suboptimal
quality (Basar et al., 2019), while international studies similarly document rising
rates of repeat imaging as a signal of inefficiency and overuse in advanced health
systems (Smith-Bindman et al., 2008).

Instrument: The study uses an indicator for low MRI quality measured from 2019—
2023 low MRI quality as an instrument. Low_MRI_Quality,; is a binary variable
capturing whether the hospital is classified as low-quality in MRI performance based

on repeat scan rates in 90 days during 2019-2023.
IV requirements

1) Relevance Condition

Definition: Cov(Low_MRI_Quality,;; Repeat_MRI_Same_Day;; #0)

z'_;l':
This assumption requires that hospital-level poor MRI quality measured from 2019—
2023 predicts greater diagnostic inefficiency or throughput burden in 2015-2016 in

the Turkish healthcare system.
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This assumption is empirically testable via first-stage F-statistics (rule-of-thumb: F >
10). It reflects institutional persistence: hospitals exhibiting low diagnostic value
from imaging in recent years likely exhibited similar inefficiencies in earlier years

due to stable capacity, coordination, or professional habits.
2) Exclusion Restriction

Definition: (Low_MRI_Quality;; 1 &; X;;)
The instrument must affect the outcome (R_Code_Prob)only through the
endogenous variable (same day repeat MRI), conditional on X;;. It should have no

direct effect on underdiagnosis.

Where X;; represents a set of control variables that account for patient, hospital, and
capacity-related characteristics. Patient demographics are captured through age and
gender, while hospital characteristics include the type of hospital and whether it is
designated as a central hospital. Human capacity controls incorporate the day and
time categories, which proxy for variations in physician availability and workload

across different periods.

However, a potential threat to exclusion is that poor MRI quality may itself be
directly associated with diagnostic error, beyond its effect on imaging intensity. To
address this concern, the instrument is interpreted not as a random shock but as a
capacity-channel instrument, justified by the persistence of low-quality imaging
environments and institutional practices. In addition, the empirical strategy
incorporates rich hospital and time controls to absorb systematic variation in patient
mix, institutional roles, and temporal shocks, thereby strengthening the credibility of

the identification approach.

Second Stage (Structural Equation): Let R_Code_Prob;; € {0,1} be the

underdiagnosis indicator. The structural equation is:
logit(P(R_Code_Prob;; = 1)) = a + f(Repeat_MRI_Same_Day,;) + y'X; + &;;
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First Stage Equation:
Repeat_MRI_Same_Day,; = my + m Low_MRI_Quality,; + E\'TXU- + Hy;

We expect m; = 0: hospitals flagged as low-quality exhibit higher MRI intensity via

more scans per doctor-day and/or more repeats.

The estimation strategy relies on two-stage least squares (2SLS) with a linear
probability specification. This approach serves as a useful benchmark, as it not only
facilitates the interpretation of results in terms of marginal effects but also directly
provides weak-instrument robust diagnostics, including the Kleibergen—Paap FFF-

statistic and the Anderson—Rubin test.

The identification strategy first requires relevance, meaning that the instrument
should strongly predict the endogenous regressor in the first-stage equation. To
assess this, the study reports several diagnostic statistics: the Kleibergen—Paap rk
Wald FFF-statistic, where values above 10 are generally taken as evidence of strong
instrument relevance; the partial R-squared, which indicates the proportion of
variation in the endogenous regressor explained by the instrument; and the

Kleibergen—Paap LM statistic, which serves as an underidentification test.

Secondly, the exclusion restriction requires that low MRI quality affects
underdiagnosis only through its impact on MRI intensity. Although this assumption
cannot be directly tested, the study supports its validity through two key arguments:
i) Rich covariates (X;;): patient severity, demographics, hospital type, central
hospital, day/time, year; these absorb alternative pathways from
Low_MRI_Quality; could directly influence underdiagnosis.
i) Structural persistence: MRI quality observed in 2019-2023 is unlikely to
directly affect 2015-2016 outcomes, aside from its correlation with MRI

overutilization.

This chapter has presented a structured IV strategy for addressing endogeneity in

physician workload and MRI utilization. The theoretical and empirical steps outlined
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here allow us to credibly estimate the causal impact of diagnostic capacity on
underdiagnosis. The next chapter presents the econometric models and results from

these models in detail.
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CHAPTER 5

ECONOMETRIC MODELS AND RESULTS

In this section, the thesis analyses how capacity constraints at the physician, hospital,
and technology levels affect the probability of underdiagnosis. The study builds
econometric models to measure these effects, estimate them using logistic
regressions, and address potential endogeneity using instrumental variables. All
models use the dependent variable ¥ = R_Code_Prob. The models include relevant
control variables such as patient demographics, severity of disease, hospital type
fixed effects, time-of-day indicators, and standard errors are clustered at the hospital
level to account for within-hospital correlation. Below, the study presents model
specifications, results, and interpretations, supported by theoretical expectations and

literature.

5.1. Logistic Regression for Underdiagnosis Probability

This section presents empirical findings from logistic regressions estimating the
probability of underdiagnosis. Each section below introduces a specific model,
presents the regression results in a formal table, and interprets the estimated
coefficients. All models use hospital-clustered standard errors and control for patient
age, sex, severity, day of the week, time of day, hospital type, and referral degree

status.

5.1.1. Logistic Regression 1: Human Capacity Model

This model tests whether underdiagnosis is predicted by physician-level daily patient
load, same-day repeat MRI behaviour, and the MRI utilization level per device at the

institutional  level, controlled by patient and hospital characteristics.
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The baseline specification estimates the probability that a patient encounter i at
hospital j will lead to underdiagnosis (R_Code_Prob = 1) as a function of human

capacity and patient/hospital controls:

logit(P(R_Code_Prob;; = 1)) = a + 3;(Repeat_ MRI_Same_Day,;) + (1

B;(Doctor_Total Visits_Day,;) + B3(MR_Utilization_Per_Machine;) + )
T

4 X:‘ i + Eij

Where:

i indexes patient encounters

j indexes hospitals

X;;is a vector of control variables, including patient age, gender, severity score,

hospital type, central hospital status, and day/time categories.

This model is estimated with hospital-clustered standard errors using a sample of
over 2.6 million observations from 577 hospitals.

Table 5 presents the logistic regression of the probability of underdiagnosis on
physician capacity level. Several important patterns emerge in this human capacity
model. First of all, the coefficient for ‘physician total daily visits’ is negative and
statistically significant (8, = —0.003). This suggests that physicians who see more
patients per day are associated with lower underdiagnosis rates. However, the thesis
aims to expect that overworked doctors may make more errors and increase
underdiagnosis due to time and resource constraints, as explained in chapter 3 using

Arrow's uncertainty theory.

In addition, relevant to the purpose of this thesis, there are well-documented studies
in the literature. Ivanovic et al. (2023) found in their empirical study that longer
interpretation times, higher shift volumes, and weekend interpretations increase the
risk of errors. Therefore, as noted in Chapter 4, the study hypothesizes that the
negative coefficient is due to physicians who can handle more patients being more
skilled or working in better-resourced environments, leading to fewer missed

diagnoses. While higher patient volumes may increase underdiagnosis, the physician
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workload in Model 1 incorporates an unobservable endogenous variable, such as

physician skill, making the coefficient negative.

Table 5. Logistic Regression- Human Capacity Model

1)
R_Code _Prob
b se p
| Human Capacity Factors |

Doctor’s Total Daily Visits -0.003°  0.002 0.035
Patient Age 0.0097"  0.002 0.000
Patient Gender
Reference: Male
Female -0.396°  0.096 0.000
Severity Score 0.005°"  0.001 0.000
Day Category
Reference: Workday
Vacation Day 0.2547  0.057 0.000
Time Category
Reference: Morning (05:00-10:59)

Afternoon (11:00-15:59) 0.267°  0.048 0.000
Evening/Night (16:00-04:59) 05807  0.066 0.000
| Institutional Capacity Factors \
Central Hospital -0.413 0.342 0.227

Hospital Type

Reference: Al: Teaching and research hospitals

A2: Tertiary-level general hospitals -0.523 0.271 0.054

B: Provincial general hospitals -0.309 0.283 0.276

C: District-level general hospitals 0.048 0.313 0.878

D: Small district hospitals 0.888°°  0.271 0.001

E1: Comprehensive integrated district hospitals 1.1627°  0.241 0.000

E2: Small integrated facilities 1.5697"  0.297 0.000

Other 0.015 0.423 0.972
[ Machine Capacity Factors |

Same-Day Repeat MRI 0.311° 0.150 0.038

MRI Utilization Level per Machine

Reference: Low

Medium 0.333 0.286 0.244

High 0.190 0.310 0.541

Constant -2.9377"  0.302 0.000

Log Pseudolikelihood -669334.403

Pseudo R* (McFadden) 0.054

Observations 2648448.000

Dependent variable: R_Code_Prob (Probability of Underdiagnosis)

Clustered standard errors at hospital level (577 clusters)
Significance Levels: ***p <0.01 **p<0.05 *p <0.1
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The results for the other variables in the physician capacity model are as expected.
The indicator for ‘Same-Day Repeat MRI’ is positive and significant
({ B, = 0.311},p = 0.038), indicating that repeating a patient's MRI on the same
day increases the likelihood of underdiagnosis. The corresponding odds ratio,
B, is e™¥! 2 1.3 indicates that patients who undergo repeat MRI scans on the same
day have an approximately 37% higher probability of underdiagnosis. The need for
multiple repeat MRI scans on the same day raises the research question of the
paradoxical dichotomy of diagnostic accuracy between human expertise and machine
capacity, or quantity and quality. What are the two factors that create this paradox? Is
the initial scan inconclusive because the machine provides poor image quality? Or
are physicians overworked under time and resource constraints, leading them to
overtest due to the complexity of the disease? This paradoxical dichotomy, which
can be caused by both conditions, ultimately increases underdiagnosis, which can

lead to a delay in the diagnostic process.

Patient factors also show significant effects in the model. ‘Patient Age’ has a positive
coefficient (0.0086,p < 0.001) indicating that older patients are more likely to be
underdiagnosed. In this context, while the marginal effect is small for each additional
year of age, it becomes significant when there is a large age difference. There are
studies in the literature that support this. In their empirical study on patient age and
gender differences, Liu et al. observed that older patients had higher diagnostic errors
than younger patients across different specialties (Liu et al. 2022). Skinner et al. also
concluded in their empirical study that "Increasing age is associated with lower
diagnostic accuracy, attributed to atypical presentations and a greater number of
comorbidities” (Skinner et al., 2016).

On the other hand, the ‘patient gender’ indicator in Table 5 is negative at
—0.3958,p < 0.001, indicating that female patients have 33% lower probability of
underdiagnosis than males (e~%%% % 0.67). This finding is also supported by
literature: Male elderly patients experienced a medical error rate in general surgery
and emergency departments that was almost 4% greater than that of female patients
(Liu et al. 2022). Although finding a gender difference in the study was not expected,

this gender difference is noteworthy and thus reflects that demographic factors may
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be associated with differences in error rates and thus may influence diagnostic
outcomes. Contrary to this result, there are studies in the literature that gender
inequalities persist for women in healthcare by showing that female patients are
subject to delayed diagnosis more than males. However, some studies indicate that
male patients experience more medical errors than females: For example, Liu et al.
found that male elderly patients experience approximately 4% higher rates of
medical errors than female patients in general surgery and emergency departments
(Liu et al. 2022). Finding a gender difference is not one of the objectives of this
study, but the gender difference found in a comprehensive dataset is striking. This
reflects the strong control effect of demographic factors on diagnostic precision and

the potential impact on diagnostic outcomes.

The ‘severity score’ has a positive coefficient of 0.0048, p < 0.001, indicating that
more severe or complex cases are more likely to result in underdiagnosis. This result
is directly related to uncertainty in Arrow's theoretical framework, on which the
study is based. As the complexity of a disease increases, so does its uncertainty,
which can make it difficult for physicians to make a correct diagnosis. In addition,
Skinner et al (2016) has also indicated that diagnostic errors are more common in

complex cases with multiple comorbidities or acute presentations.

Visiting time indicators also show strong and significant effects in the model.
Compared to baseline visits in the early morning (4:00 AM-10:59 AM), visits in the
afternoon (11:.00 AM-3:59 PM) increase the probability of underdiagnosis by
approximately 0.267 ({p < 0.001}), while visits in the evening/night (4:00 PM-5:00
AM) increase it even further, reaching a coefficient of 0.580 ({p < 0.001}). This
corresponds to approximately 30% higher (afternoon) and 78% higher
(evening/night) probabilities of underdiagnosis compared to the same patients seen in
the morning. This finding strongly aligns with the uncertainty framework that
physicians working under time and resource constraints can lead to fatigue and
diagnostic errors. As the day progresses, clinicians may become fatigued, impairing
their diagnostic judgment and thoroughness. Numerous studies in the literature
support this: stress, fatigue, increased workload, and night shifts have been found to
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be contributing factors to increased diagnostic error rates. They also reported that
medical errors occur more frequently during night or rotating shifts than during day
shifts (Gates et al., 2018; Muzio et al., 2019).

Furthermore, within the day category, weekends/holidays show a positive coefficient
(0.2536,p < 0.001), indicating a higher probability of diagnosis on holidays
compared to weekdays. This is consistent with the "weekend effect” in healthcare.
Accordingly, weekends differ from weekdays in terms of the resources available, the
care procedures, and the availability of specialists (Becker, 2007; Bion et al. 2021).
Thus, patients hospitalized on weekends may not receive adequate care due to fewer
staff or less service availability. In this context, according to the results of Model 1,
being examined on weekend/holidays leads to an approximately 29% higher
probability of not being diagnosed(e®2>#! & 1.29). This finding is consistent with
previous research showing that there is a higher probability of an error occurring
during the weekends (Becker, 2007; Piras et al. 2024). Overall, the time and day
effects illustrate how that auxiliary staff availability affect human capacity factors

(personnel, fatigue) and thus can affect diagnostic performance.

Finally, the hospital type indicators as the institutional capacity control variable
reveal significant institutional differences in Model 1. The baseline category in the
model is Type Al, teaching and research hospitals, the highest-tiered hospitals. The
results show that most lower-tiered hospitals have a higher underdiagnosis rate
compared to Al. Type D (Small district hospitals) (0.888,p < 0.001),E1
(1.161,p < 0.001), and E2 (Small integrated facilities) (1.569,p < 0.001)
hospitals have positive and significant coefficients. These values indicate that,
holding patient case mix constant, a Type E2 hospital is 4.8 times more likely to be
underdiagnosed than a Type Al hospital (e} & 4.8). In contrast, Type A2
(Tertiary-level general hospitals) hospitals have lower underdiagnosis rates than Al
(—0.523,p = 0.05), indicating that they outperform the highest-tiered reference
category. In addition, type B is negative, while Type C and “Other” are positive but
not significant in the model. Additionally, the Central Hospital dummy variable is

negative (-0.413) but not statistically significant in this model.
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These models strongly suggest that smaller, less resourced hospitals have more
difficulty making accurate diagnoses, while larger, more specialized hospitals
achieve better diagnostic integrity. This is consistent with general expectations:
larger hospitals generally have more specialized staff, better diagnostic equipment,
and diagnostic processes, thus resulting in fewer underdiagnoses. On the other hand,
smaller hospitals may lack certain specialist services or up-to-date technology,
making diagnosis confirmation difficult. Vaughan et al (2018) raised concerns that
smaller hospitals face difficulties investing in acute medicine diagnostic services and
maintaining 24/7 specialist coverage. The study results empirically support these
concerns; patients in small community hospitals (Types D and E) are much more
prone to underdiagnosis events. From another perspective, this disparity highlights
an equity issue: patients' diagnostic confidence depends in part on where they receive
care, a point noted by health system researchers who are concerned that those living
in less urban areas may receive “systematically lower quality care,” including less
accurate diagnoses (Gaughan et al, 2020). In summary, the human capacity model in
Table 5 highlights several important influences on underdiagnosis: repeat imaging
needs, patient age and gender, timing of visit, and hospital characteristics. The
unexpected negative sign on doctor workload hinted at underlying biases, which we

explore next using an 1V approach.
5.1.2. Logistic Regression 2: Institutional Capacity Model

The model here expands on hospital-level capacity factors to examine how they
influence underdiagnosis. In addition to institutional capacity controls such as
hospital type, central hospital status, and per-hospital MRI utilization level in Model
1, the study also included Bed Turnover Rate and Referral Grade as indicators of
hospital capacity stress in Table 6. The study also explicitly included the Low MRI
Quality (2019-2023) indicator to account for differences in machine quality and

retained the physician visits and repeat MRI variables to control for these effects.
logit (P(R_Cade_Probi}- = 1)) =a+ ﬁl[Repeat_MRI_Same_Da}’U-) + (2

B;(Doctor_Total Visit_Days;;) + f3(MRI_Utilization_Per_Machine;) + )
Bi(Referral_Rate;) + f;(Bed_Turnover_Rate;) + yTX, T
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Table 6. Logistic Regression-

Institutional Capacity Model

1)
R_Code_Prob
b se p
| Human Capacity Factors \

Doctor’s Total Daily Visits -0.0056 0.0032 0.077
Patient Age 0.0084""  0.0013 0.000
Patient Gender
Reference: Male
Female -0.2578"  0.0961 0.007
Severity Score 0.0042”"  0.0011 0.000
Day Category
Reference: Workday
Vacation Day 0.2456 0.1319 0.063
Time Category
Reference: Morning (05:00-10:59)

Afternoon (11:00-15:59) 0.27897"  0.0627 0.000
Evening/Night (16:00-04:59) 0.9060°°  0.1035 0.000
| Institutional Capacity Factors \
Central Hospital -0.6987°  0.3255 0.032
Referral Degree 0.0038 0.0038 0.309
Bed Turnover Rate -0.0056 0.0065 0.389

Hospital Type

Reference: Al: Teaching and research hospitals

A2: Tertiary-level general hospitals -0.8375  0.1912 0.000

B: Provincial general hospitals -0.7564"  0.2023 0.000
[ Machine Capacity Factors |

Same-Day Repeat MRI 0.6894 0.3856 0.074

Low MRI Quality 0.6892" 0.3237 0.033

MRI Utilization Level per Machine

Reference: Low 0.0000 . .

Medium 0.7462”  0.2724 0.006

High 1.1713°  0.5390 0.030

Constant -3.2427"  0.4140 0.000

Log Pseudolikelihood -166730.0349

Pseudo R? (McFadden) 0.0607

Observations 574843.0000

Dependent variable: R_Code_Prob (Probability of Underdiagnosis)
Clustered standard errors at hospital level (577 clusters) , *** p <0.01 **p<0.05 *p<0.1

The results are similar to human capacity model (Table 5) but also show several

significant differences. First, the coefficient for Same-Day Repeat MRI is positive

and larger in this model (8, = 0.689 {p = 0.074}) The Institutional Capacity model

indicates that requiring a repeat MRI is associated with a higher probability of

underdiagnosis e©€8%} x 2.,0. The variable for Poor MRI Quality (2019-2023) is
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positive and significant 0.689 p = 0.033, indicating that patients imaged in hospitals
with poor-quality MRI equipment are more likely to be underdiagnosed. Thus, the
importance of quality in accurate diagnosis is highlighted. This is consistent with
research expectations: while advanced imaging provides clearer results, older
scanners can produce ambiguous images, which can lead to physicians missing
diagnoses and underdiagnosing them. Because radiologic equipment has a limited
lifespan, failures and a decline in image quality are inevitable. In particular,
equipment older than 10 years is no longer state-of-the-art and has to be changed
since it may malfunction or break down, which could create delays in patient
diagnosis and care (European Society of Radiology, 2014). These findings are
essentially empirical confirmation that up-to-date imaging quality is crucial for
reducing diagnostic errors. They also provide a quantitative perspective on the harms

caused by older equipment.

One key difference in Table 6 is the effect of MRI utilization levels per device.
While MRI utilization per device is not significant in Model 1, here the coefficient
for Medium MRI utilization per device was 0.746 (p=0.006) and the coefficient for
High MRI utilization per device was 1.171 (p=0.030), both positive and significant.
This suggests that facilities with medium or high MRI utilization per device
experienced a higher probability of underdiagnosis compared to hospitals with low
utilization. In fact, a hospital with a high level of MRI utilization would be expected
to have fewer underdiagnoses. The opposite finding in the model results suggests
overuse of imaging modalities. High MRI utilization may indicate defensive or
indiscriminate screening practices that do not necessarily lead to better diagnostic
outcomes. The literature on overuse of diagnostic tests has found that more testing
can sometimes lead to noise or even harm but does not improve baseline outcomes
(Miiskens et al. 2022). Findings suggest that more is not always better for diagnosis.
Performing more MRIs does not necessarily reduce underdiagnosis by detecting
more missed diagnoses; on the contrary, it may increase the risk of underdiagnosis.
Conversely, hospitals with high MRI utilization may be those experiencing capacity
constraints, using scans as a shortcut, or handling complex cases. Therefore, high

MRI utilization and high underdiagnosis due to case complexity coexist. This is
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consistent with evidence that over-testing can expose patients to harm without
providing a clear benefit (Ali et al. 2024).

While looking specifically at hospital capacity factors, ‘bed turnover rate’ is
negative (-0.0056) but not statistically significant (p=0.389). This indicates that,
controlling for other factors, there is no significant relationship between a hospital's
bed turnover rate and underdiagnosis. The study expected that a very high bed
turnover rate might increase underdiagnosis due to time pressures on diagnostic
evaluation; however, it failed to find a significant result. Studies in emergency
department settings have also found that emergency department crowding or
occupancy does not significantly alter diagnostic decision-making (Chou et al. 2022).
In this model, we do not see a significant hospital-level capacity effect on bed
turnover. However, we caution that this may be due to sample size or limited
variability. In addition to this, the ‘Referral Degree’ status (0.0038,p = 0.309) is
not significant. Here, it can be interpreted as hospital's case complexity or network

centrality has also no clear effect on underdiagnosis.

Looking at the results for the other institutional capacity control variables, the
coefficient for Central Hospital status is negative and significant
(—0.699,p = 0.032). This suggests that being located in a central hospital reduces
the risk of underdiagnosis, and it is consistent with expectations; central hospitals
likely have more specialists and diagnostic resources, resulting in more accurate
diagnoses. In addition, under hospital type, both Hospital Type A2 and Type B are
negative and highly significant (—0.838 and — 0.756, respectively, p < 0.001).
This suggests that secondary healthcare facilities, types A2 and B, have significantly
lower underdiagnosis rates than the highest-tier tertiary healthcare facilities (type
Al). The result is noticing that it is consistent with the finding that hospitals with
higher MRI usage rates show higher underdiagnosis rates.

Finally, the effects for Vacation Day, Afternoon, and Evening/Night across day and
time categories remain positive and significant
(0.246,0.279,0.906, respectively,all p < 0.1) The coefficient for Evening/Night

(0.906) is larger here than in model 1, indicating an almost 2.5 times higher
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probability of underdiagnosis during night shifts compared to morning shifts
(e®?%€ ~ 2.47). This strongly reflects the risk of underdiagnosis during the night

shift documented in the literature.

In summary, the institutional capacity model (Table 6) highlights the importance of
technology and practice patterns: low MRI quality and high MRI utilization are
associated with significantly more underdiagnosis. In contrast, the overall measure of
hospital density (bed turnover) showed no effect, but institutional excellence
(centralized, A2/B types) clearly reduced diagnostic error rates. These findings
suggest that the provision of modern diagnostic equipment and avoiding overreliance

on tests are important for diagnostic success.

5.1.3. Logistic Regression 3: Machine Capacity Model

The machine capacity specification extends the baseline model by incorporating both
operational intensity and structural quality measures.. Here, the key explanatory
variables capture technological load per scanner (MRI, CT, mammography
utilization), scanner quality, and repeat status alongside institutional controls. The
specification allows testing whether higher equipment utilization intensity increases
the likelihood of underdiagnosis, measured by assignment of an R-code.

logit (F(R_Code_Prabij = 1]) =g+ ,[?1[RepeaI‘_MRI_Same_Da}TU-) +
B;(Low_MRI_Quality;) + B3(Doctor_Total Visits_Day,;) +
ﬁ[l[MR_Utf!ization_Per_Machine}-]-I- ,BE_[CT_Uh'h'zaﬁon_Fer_Machine}-) +
,E‘E_[MAM_UI‘I’HMI‘:'an_Per_Mctch:’nej) B [Referm!_Rate}-) + }*TXE-}- + g

Table 7. Logistic Regression- Machine Capacity Model

1)
R_Code_Prob
b se p
| Human Capacity Factors |
Doctor’s Total Daily Visits -0.0052 0.0030 0.083
Patient Age 0.0098""  0.0018 0.000

Patient Gender
Reference: Male
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Table 7. (continued)

Female -0.22397  0.0855 0.009
Severity Score 0.0040°"  0.0012 0.001
Day Category

Reference: Workday

Vacation Day 0.2741 0.1161 0.018

Time Category
Reference: Morning (05:00-10:59)

Afternoon (11:00-15:59) 0.32037°  0.0653 0.000
Evening/Night (16:00-04:59) 0.937177  0.0999 0.000
| Institutional Capacity Factors

Central Hospital -0.5672"  0.2094 0.007
Referral Degree 0.0032 0.0055 0.566

Hospital Type
Reference: Al: Teaching and research hospitals

A2: Tertiary-level general hospitals -0.5795 0.2696 0.032

B: Provincial general hospitals -0.7729”7  0.2508 0.002
| Machine Capacity Factors

Same-Day Repeat MRI 0.6956 0.3793 0.067

Low MRI Quality 0.84717  0.2997 0.005

MRI Utilization Level per Machine
Reference: Low

Medium 1.3676 0.6009 0.023
High 1.7636 0.9600 0.066
BT Utilization Level per Machine 0.0000 . .
Reference: Low

Medium 0.9975 0.6581 0.130
High -1.15627  0.4479 0.010
MAM Utilization Level per Machine 0.0000 . .
Reference: Low

Medium -1.03357°  0.1925 0.000
High -1.2367°  0.2135 0.000
Constant 25386  0.2246 0.000
Log Pseudolikelihood -188045.3426

Pseudo R? (McFadden) 0.0635

Observations 625301.0000

Dependent variable: R_Code_Prob (Probability of Underdiagnosis)
Clustered standard errors at hospital level (577 clusters) , *** p <0.01 **p <0.05 *p<0.1

Machine Capacity Model (Table 7) presents a logistic regression model focusing on
machine capacity and quality factors in predicting underdiagnosis. This model
includes BT and MAM machine utilization levels, and the sample size (N = 625,301,
49 hospital clusters). The key factors here are MRI utilization levels per device,
along with the same-day repeat MRI indicator and the Low MRI Quality indicator,
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which reflects the impact of imaging-related capacity issues. Additionally, physician
visits and other control variables are included in the model to isolate machine effects.

The Machine Capacity Model examines whether machine capacity and imaging
quality predict underdiagnosis, controlling for physician workload, institutional tier,
patient mix, and time effects. The results in Table 7 largely overlap with the
observed results in Table 6. Two machine-side indicators are central. First, the low-
quality MRI proxy (derived from 2019-2023 repeat behaviour) is strongly associated
with underdiagnosis (# = 0.847,p = 0.005,0R = 2.33) hospitals operating in
low-quality imaging environments have more than double the odds of issuing an R-
code. Second, Similar to the results in Table 6, same-day repeat MRI is positive and
significant (f = 0.696,p = 0.067,0R = 2.00), consistent with the idea that
Hospitals having low-quality MRI equipment and indeterminate scans show more

missed diagnoses and thus contribute to underdiagnosis.

At the per-device MRI utilization level, relative to low utilization, medium and high
utilization are positive and significant
(f = 1.368,p = 0.023,0R = 393; § = 1.764,p = 0.066,0R = 5.83),

Impact of high utilization is even larger, indicating that these hospitals are
approximately 5.83 times more likely to experience underdiagnosis than hospitals
with low utilization. The high MRI utilization in hospitals is likely explained by the
defensive medicine or patient expectations inherent in the literature on which the
study is based. Tertiary care facilities, including city hospitals, see large numbers of
patients, and physicians, under time constraints and fatigue, may substitute MRI for
clinical judgment. Radiologists may have less time for comprehensive interpretation
per scan, which may negatively impact the quality and interpretation of the resulting
images. Thus, this pattern is consistent with a capacity-strain mechanism: beyond a
threshold, rising scans-per-machine are associated with steeper odds of
underdiagnosis, even after adjusting for human and institutional factors. By contrast,
higher CT and mammaography utilization levels are associated with lower odds of R-
codes (e.g., mammography high: f = —1.237,p < 0.001,0R = 0.29),. Here,
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Mammography and CT are governed by stricter and more standardized quality
assurance systems than MRI. For example, mammography is regulated under laws
such as the Mammaography Quality Standards Act (MQSA), while CT accreditation
programs require dose monitoring and equipment checks to ensure consistent quality
(U.S. Congress, 1992; ACR, 2017; Feigin, 2023). By contrast, MRI quality is harder
to standardize because image outcomes depend on many technical factors and vary
more across hospitals and devices (Owusu et al., 2021; Hagiwara et al., 2020). As a
result, while CT and mammaography tend to deliver more consistent results under

high use, MRI is more prone to inefficiency when volumes rise.

Institutional and human capacity controls behave as expected. Central hospitals
exhibit lower underdiagnosis (§ = —0.567,p = 0.007,0R = 0.57),and A2 (B =
—0.579, p = 0.032, OR = 0.56) and B (f = —0.773,p = 0.002,0R = 0.46)
hospitals outperform the Al baseline, evidence of institutional resilience. Time
pressures are pronounced: vacation days (ff = 0.274,p = 0.018,0R = 1.32),
afternoons (B = 0320,p < 0.001,0R = 1.38), and evening/night
(f = 0.937,p < 0.001,0R = 2.55) all raise the likelihood of an R-code,
consistent with off-peak bottlenecks and reduced staffing. On patient mix, age
(8 = 0.0098,p < 0.001,0R per year = 1.01) and severity

(6 = 0.0040,p = 0.001) increase underdiagnosis, while female patients have

lower odds than males (f = —0.224,p = 0.009,0R = 0.80). The daily
physician-visits regressor IS small and marginally negative
(f = —0.0052,p = 0.083,0R &~ 0.995 per additional visit)

In conclusion, the machine capacity model (Table 7) supports the thesis mechanism
that both imaging quality (as proxied by repeat behaviour) and MRI utilization level
per machine are independently linked to higher underdiagnosis. In Arrow’s terms,
expanding quantity (machine capacity and volume) without protecting quality
(protocols, reading time, QA) can shift uncertainty from access to accuracy, a
paradoxical dichotomy makes visible. From these three capacity models, it follows
that underdiagnosis is a multifactorial problem: human capacity factors, including

physician workload, decision fatigue, patient age, gender, disease severity, and
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proxies for auxiliary staff availability (day of week and time of admission);
institutional capacity factors, including hospital roles, imaging utilization levels, and

reference quality; and technology capacity.
5.2. IV Model Regression for Underdiagnosis Probability

5.2.1. IV Model of Human Capacity: Physician Workload and Auxiliary Staff
Availability

The thesis applies the two-stage IV strategy described in Chapter 4 to isolate the
causal effect of physician capacity on underdiagnosis as measured by daily patient
load. According to Table 8, the first-stage regression results (1) show that the
instrumental variables (Afternoon (11:00-15:59), Evening/Night (16:00-04:59), and
Vacation Day) significantly increase the number of patients per physicians, as
validated by the first-stage results. Afternoon visits increase by 6.7 (p < 0.001),
evening/night visits increase by 10 (p < 0.001), and vacation days increase by 8
(p = 0.006). The joint F-statistic for excluded instruments is 11.88 (p < 0.001),
which is above the conventional threshold of 10 (Staiger & Stock, 1997); however, it
is slightly lower than the Stock—-Yogo 5% critical value (13.91) for a single
endogenous regressor with three excluded instruments. This implies that the
instruments, despite being moderately strong, are in proximity to the borderline, and
they entail weak IV-robust inference. The Sanderson—Windmeijer test affirms the

instrument relevance by the same F = 11.88.

Table 8. IV Model of Human Capacity

(1) (2)
Doctor Underdiagnosis
total visits (R-code=1)
(daily)
b se p b se p
Time Category 0.0000
Reference:
(05:00-10:59)
Afternoon 6.6884  1.6950 0.000

(11:00-15:59) i
Evening/Night 9.9118 1.6714 0.000
(16:00-04:59)
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Table 8. (continued)

Day Category

Vacation Day 7.9656 2.8973 0.006

Doctor total 0.0031" 0.0011 0.004
visits (daily)

Patient Age -0.0080  0.0815 0.922 0.0006 0.0004 0.125
Patient Gender )
Female 12.6003” 3.9370 0.001 -0.0681"" 0.0150 0.000
Severity score -0.0420  0.0407 0.302 0.0005 0.0001 0.000
Repeat MRI 29.3273"" 3.6637 0.000 -0.0689 0.0369 0.062
Same Day

MRI per

Device

Reference: Low

Medium 14.9174  9.7463 0.126 -0.0289 0.0359 0.421
High 17.8203  9.4207 0.059 -0.0412 0.0382 0.281
Central Hospital ~ 0.9704  11.3742 0.932 -0.0347 0.0483 0.473
Hospital Type

Reference: Al )
A2 -19.0472 14.1443 0.178 0.0267 0.0537 0.619
B -35.1836" 14.6807 0.017 0.0931 0.0521 0.074
C -26.5712 17.3585 0.126 0.0856 0.0665 0.198
D -48.238" 12.5732 0.000 0.25317" 0.0498 0.000
El -68.348"" 11.8773 0.000 0.3974™" 0.0613 0.000
E2 -66.6417 11.4820 0.000 0.4176" 0.0531 0.000
Other -7.5875  10.2416 0.459 0.0238 0.0418 0.569
Constant 63.67407 10.3112 0.000 -0.1607" 0.0596 0.007
Observations 2648448.0 2648448.0000

R-squared 0.0641 -0.5507

Adj. R-sq. 0.0641 -0.5507

F-statistic 61.1268 95.7032

Standard errors clustered by hospital

Instruments (excluded): time category, day category

Kleibergen—Paap rk Wald F (weak-1D): 11.87948561973063
Kleibergen—Paap LM (underidentification): 17.49057554484897

The identification confidence can be enhanced with further diagnostics. The

Kleibergen—Paap LM statistic verifies the identification of the model with a value of
17.49 (p = 0.0006). The Kleibergen-Paap rk Wald F statistic is aligned with

strength under clustered errors, with a value of 11.88. The Cragg—Donald Wald F

statistic is colossal (6,967), and suggests very strong identification under the i.i.d.

assumption, though clustered inference constitutes the KP statistic the appropriate

benchmark. Therefore, the instruments are reasonably strong, and the weak IV-

robust tests can be relied on for the inference. Principally, the Anderson—Rubin
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Wald test provides the weak 1VV-robust evidence that the instrumental variable has
explanatory power in the structural equation since it rejects the null of no effect at
the 1% level (F = 9.94,p < 0.001).

Several hospital-type indicators exhibit strong negative coefficients in the first stage.
The doctors working at Type B, D, E1, and E2 hospitals are subject to substantially
fewer visits per day than those in the reference category. For instance, Type D
hospitals have nearly 48 fewer visits per doctor (p < 0.001), and Type E hospitals
have 6668 fewer (p < 0.001). These results manifest the structural and institutional
distinctions that are smaller or specialized facilities having fewer patients per

physician.

The instrumented coefficient on doctor visits is 0.0031 (se = 0.0011,p = 0.004) in
the second stage. This indicates that each extra patient seen per doctor per day
increases the underdiagnosis probability by 0.31 percent. Specifically, a 10-patient
increase raises the underdiagnosis risk by more than 3%, a significant rise
considering the baseline diagnostic error rates.

Other covariates behae as expected. Repeat MR1 same day attains a negative but only
marginal effect (p = 0.062), likely showing the complex interactions between
repeat pattern and diagnostic accuracy. The severity score is positively significant
(p < 0.001), indicating that the greater the underdiagnosis risk more severe the
patients face. Women have significantly lower underdiagnosis  risk
(coef = —0.068,p < 0.001). Hospitals of Type D, E1, and E2 hospitals are
significantly more prone to higher underdiagnosis compared to the baseline category,

consistent with institutional heterogeneity in diagnostic capacity.

Capacity pressure impairs diagnostic accuracy as strongly asserted by the Doctor—
Demand-Stress 1V results. The IV approach isolates exogenous variation in
workload, unlike naive OLS estimates that are subject to bias due to selective
sorting, self-referral, or unobserved congestion. The causal effect aligns with the
economic models of physicians working under time pressure (Clemens and Gottlieb,

2014) and empirical findings that fast-paced working environments undermine
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diagnostic care (Smith-Bindman et al., 2008; Baker et al., 2008). Our results are also
aligned with the imaging efficiency literature in Tiirkiye. Basar et al. (2019) and
Martella et al. (2023) assert that repeated procedures and resource constraints hurt
the diagnostic quality. In policy terms, these findings suggest that scheduling
practices, physician staffing, and holiday surge management are critical levers for
reducing diagnostic error. In conclusion, scheduling practices, physician staffing, and

holiday surge management are major factors for improving the diagnostic process.

5.2.2. IV Model 2: MRI Quality and Repeat MRI Instrument

The study proposes to approximate the diagnostic quality of institutions to mitigate
these problems from the hospital-level repeat MRI rates of 2019-2023. The resultant
factor is denoted as Low_MRI_Quality,;. This factor is capable of predicting the
institutional diagnostic quality thanks to the stable work culture and the equipment
qualifications. It is strongly correlated to the repeat MRIs, but remarkably stays
exogenous to the individual patient outcomes. In the earlier observations. This
enables us to focus on the core factors such as long-run equipment quality and

institutional work culture.

First-stage results: According to Table 9, the first-stage regression illustrates the
strength and efficiency of the proposed factor. The coefficient of 0.029 (p < 0.001)
implies that the poor-diagnosis institutions in later years already exhibited higher
repeat MRI rates in the study period.

Table 9. IV Model of MRI Quality

1) (2)
Same-Day Underdiagnosis
Repeat MRI (R-code=1)
b se p b se p
Low MRI 0.02947"  0.0046 0.000
Quiality
Same-Day 1.7206 0.9931 0.083
Repeat MRI
MRI Utilization
per Device
Reference: Low
Medium -0.01117  0.0040 0.005 0.0815" 0.0266 0.002

108



Table 9. (continued)

*

High -0.0125°  0.0056 0.027 0.1195 0.0504 0.018
Hospital Type

Reference: Al: 0.0000 . . 0.0000 . .
A2 -0.0059  0.0032 0.069 -0.07247" 0.0190 0.000
B -0.0065  0.0035 0.064 -0.0587" 0.0216 0.007
Central hospital 0.0135 0.0093 0.147 -0.0904 0.0463 0.051
Bed Turnover -0.0006~" 0.0001 0.000 0.0005 0.0003 0.068
Rate

Referral Degree  -0.0001~  0.0001 0.008 0.0006 0.0003 0.086
Doctor’s Total 0.0002°  0.0001 0.024 -0.0007" 0.0003 0.019
Daily Visits

Patient Age 0.0001  0.0001 0.329 0.0006"" 0.0002 0.000
Patient Gender 0.0000 . ) 0.0000

Reference: Male

Female -0.0003  0.0029 0.928 -0.0190 0.0113 0.094
Severity score 0.0001~  0.0000 0.013 0.0002 0.0001 0.037
Day Category

Reference:

Workday

Vacation Day 0.0059  0.0057 0.303 0.0157 0.0198 0.427
Table 9

(continue)

Time Category

Reference:

Morning (05:00-

10:59)

Afternoon 0.0012  0.0033 0.727 0.0177 0.0096 0.067
(11:00-15:59)

Evening/Night 0.0011  0.0040 0.789 0.0770 0.0193 0.000
(16:00-04:59)

Constant 0.0298""  0.0072 0.000 -0.0159 0.0220 0.471
Observations 574843.00 574843.0000

R-squared 0.0241 -0.2639

Adj. R-sq. 0.0241 -0.2640

F-statistic 31.6478 27.7419

Standard errors clustered by hospital

Instruments (excluded): Low MRI Quality

Kleibergen—Paap rk Wald F (weak-1D): 39.70868351768426
Kleibergen—Paap LM (underidentification): 4.476514762018013
Clusters: 49 RMSE (2SLS): .3260682208406964

The F-statistic for excluded instruments is 39.71 (p < 0.001), significantly greater

than the conventional Staiger—Stock threshold of 10. Furthermore, the Kleibergen—
Paap Wald F of 39.71 exceeds the 10% maximal 1V size threshold (16.38), as well as

the 5% threshold. This confirms that weak instruments are not a significant concern.
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The Kleibergen—Paap LM statistic (y* = 4.48,p = 0.034) addresses the concerns
on possible underidentification, indicating the identification of the model. The
Cragg-Donald Wald F statistic further confirms the relevance under i.i.d.
assumptions with an extremely large value (* 1,196). These statistics together prove

the power and the validity of the Low MRI Quality.

Repeat MRI is also predicted by several covariates. High bed turnover decreases
repeat MRIs (coef = —0.0006,p < 0.001), implying that more efficient
institutions can avoid repeating the diagnostic process. Additionally, repeats
correlate with severity and the doctor visits, which reflect the complexity and
congestion effects. Medium and high utilization per device reduces repeats,
illustrating the marvel of economies of scale and standardized imaging protocols.

The effect of the repeat MRI on underdiagnosis is revealed by the IV estimation. The
Repeat MRI Same Day coefficient is 1.72 (se = 0.99,p = 0.083), which can be
interpreted as each additional repeat increases the probability of underdiagnosis by
1.72 percent for compliers whose repeat behavior is driven by machine quality. The
magnitude is substantial and clinically relevant, although marginal significance

requires 10%.

Weak-IV-robust tests lead to mixed evidence. The Stock-Wright LM test is
significant (y* = 4.66, p = 0.03); however, the Anderson-Rubin Wald test does not
reject the null at the 10% level (F = 2.65,p = 0.11). These results shall be
evaluated with caution, considering the small number of hospital clusters (49). Yet,
the positive association is robust because of the strength of the first stage and the

consistent estimates across different specifications.

In line behaviour is observed with other covariates. The evidence of the Doctor IV
model suggests that higher throughput worsens diagnostic quality since doctor visits
enter negatively (coef = —0.00074,p = 0.019). As the underdiagnosis is more
likely for more severe patients, the severity score has a positive effect (p = 0.037).
Type A2 and B hospitals are exposed to a lower underdiagnosis risk. The effects of

fatigue and institutional quality show themselves in the significant rise of
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underdiagnosis probability (coef = 0.077,p < 0.001) during the evening/night
shifts.

Accordingly, the major factors for diagnosis failures are revealed by the MRI-
Quality IV results: technology and personnel. The factor machine quality clearly
illustrates that hospitals with poor MRI utilization both repeat more scans and are

subject to higher rates of underdiagnosis.

Literature also supports our findings. Chen et al. (2012) report that repeat imaging is
often caused by poor machine quality or inadequate imaging protocols. Smith-
Bindman et al. (2008) raises concern about inefficiency by pointing out the more
frequent imaging without proportional quality improvement. Jahanmehr et al. (2019)
posit that low-quality equipment contributes to issues in the diagnostic process. In
addition, the results are aligned with the inefficiency and quality-adjusted capacity
literature. Overdiagnosis and repeat imaging indicate both resource waste and
clinical harm, as argued by Brodersen et al. (2018). This harm translates directly into

higher underdiagnosis, making machine quality a cause of diagnostic failure.

Thus, the MRI-IV analysis emphasizes the importance of the investment in
diagnostic infrastructure and personnel well-being. The physician workload (Doctor
IV) and the MRI repeat behaviour can capture the personnel and technological
quality deficits persisting over time. The models imply that better workforce
management and upgrading imaging environments are both required to mitigate

underdiagnosis.

To summarize:

i) The underperforming institutions can be identified by monitoring the repeat
MRI rates as a quality indicator.

i) Poor machine quality and diagnostic errors can be remedied with systematic
equipment upgrades and maintenance,

iii) Both fatigue and poor-quality imaging exacerbate risk; thus, evening and

night shifts require additional measures.
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In conclusion, the MRI Quality IV demonstrates that repeat imaging increases
underdiagnosis risk, driven by technological and institutional deficits. This
complements the Doctor IV model, showing from a broad perspective that human

and technological bottlenecks jointly impair the diagnostic process.

5.3. Summary of Key Findings

To conclude Chapter 5, the main conclusions and their implications are summarized

below:

5.3.1. Human Capacity Factors

Human capacity factors are based on the number of patients a physician examines
daily, and also look at the impact of patient demographics and disease severity on
diagnostic results.Baseline logistic regression found that physicians who see a high
number of patients per day make fewer underdiagnoses. However, the 1V model,
constructed with instrumental variables time and day categories, suggests that
physician workload creates an endogenous effect; it found the opposite result: higher
physician workload diagnostic accuracy decreases, resulting in underdiagnosis. This
result yielded the expected result from the first hypothesis of human capacity strain.
In addition, this finding is consistent with numerous studies in the literature showing
that physicians under heavy workloads often shorten consultation times due to time
pressure, and in settings where decision fatigue increases the likelihood of
negligence, resulting in diagnostic errors (Weber and Schneider, 2014; Ivanovic et
al., 2023; Rosen et al., 2024).

In addition, auxiliary staff availability further moderates human capacity. First, later
hours of the day, particularly evening and night shifts outside of work hours, when
doctors are likely facing fewer staff, suggest that increased time pressure and
decision-making fatigue lead to decreased diagnostic accuracy and increased R-code
diagnoses. This is consistent with studies indicating increased medical error rates due
to fatigue accumulation during late hours. Similarly, weekends and holidays also

increase the likelihood of underdiagnosis. Because hospitals operate with fewer staff
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on these days, individual workload increases. Again, the likelihood of R-codes
increases with time capacity and fatigue. This is consistent with research in the
healthcare literature on the "weekend effect,” which suggests that service delivery

deteriorates under resource constraints.

Patient demographic characteristics also have a significant impact on diagnostic
accuracy. Diagnostic accuracy decreases in older patients and as disease severity
increases, leading to underdiagnosis. An interesting finding in the study is that
female patients experience fewer cases of underdiagnosis compared to males. In
conclusion, human capacity factors have revealed that physician decision-making
processes are not isolated but depend on fatigue, workload, and patient

characteristics.

5.3.2. Institutional Capacity Factors

Institutional capacity factors represent hospital type and central hospital variables,
representing the structural organization of hospitals, and the MRI utilization rate per

device, bed turnover, and referral degree rate, representing efficiency.

The results of the logistic and IV models first revealed that the probability of R codes
differs across hospitals with structural differences. Smaller or less specialized
hospitals, such as D, E1, and E2 hospitals, generally have fewer physician visits per
physician, yet they exhibit a higher probability of R codes compared to higher-tier
hospitals. This highlights the role of organizational complexity and specialization in
shaping diagnostic behaviour. Furthermore, MRI utilization rates vary across
hospitals. However, baseline models indicate that the utilization rate per device is not
the sole determinant of underdiagnosis in situations where hospital capacity variables
are not fully integrated. Bed turnover and referral grade rate, combined with other
variables such as the number of patients per physician, MRI quality, and repeated
MRIs, are insufficient to explain underdiagnosis in baseline models. However, the IV
model showed that hospitals with high turnover rates experienced increased

underdiagnosis. Again, underdiagnosis increased as referral grade increased.
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5.3.3. Machine Capacity Factors

The two key variables representing machine capacity are the number of repeat MRIs
performed on the same day and a low-quality MRI indicator, derived from the repeat
MRI status of patients who underwent scans between 2019 and 2023. The 1V model
results indicate that when MRI quality is poor, the frequency of same-day repeat
scans increases, thereby raising the probability of an R-code assignment. In addition,
high MRI utilization per device further elevates the likelihood of an R code. These
findings support a technological strain mechanism: poor-quality MRI environments
resulting from excessive use generate more repeats and amplify diagnostic

uncertainty.

Crucially, the fact that MRI quality measured in 2019-2023 significantly predicts R-
code assignments in 2015-2016 suggests a persistent structural weakness in the
healthcare system rather than a short-term fluctuation. Economically, this persistence
reflects allocative inefficiency, resources are consumed through redundant imaging
without commensurate improvements in diagnostic accuracy. Moreover, the results
empirically validate the concerns raised by the Turkish Radiology Association in its
2018 report, which pointed to physician shortages, insufficient radiologist capacity,
uncontrollable patient demand, and defensive medicine as systemic drivers of
excessive test intensity. The present findings demonstrate that these institutional and
behavioral pressures are not merely descriptive observations but are quantifiable and

persistent contributors to diagnostic inefficiency in Tiirkiye.

114



CHAPTER 6

CONCLUSION

This thesis has investigated the challenge of increasing diagnostic precision in the
Turkish health system by examining the determinants of underdiagnosis under three
factors of diagnostic capacity constraint: human, institutional, and technological. To
this end, both logistic regressions and instrumental variable (IV) models were
analysed across a nationwide patient-level dataset during the 2015-2016 period to
disentangle the confounding factors of underdiagnosis. Thus, the study uncovers a
fundamental paradox within Tiirkiye’s diagnostic system: while the expansion of
capacity enhances access to diagnostic services, it may concurrently undermine
diagnostic accuracy, suggesting that underdiagnosis arises from system-level

constraints and incentives.

Chapter 2 examines the structural and financial reforms implemented in the Turkish
healthcare system since the Health Transformation Program and the capacity
expansions implemented in response to these reforms. Structural changes under the
program included the introduction of a universal health insurance system, a
performance-based payment system for physicians, and the expansion of roles in the
private sector. Performance-based payment systems aimed to increase efficiency but
often forced clinicians to see more patients in their limited time. These reforms
focused on the breadth of care rather than the depth of care, leading to capacity
imbalances in diagnostic capacity at the human, mechanical, and institutional levels.
Then, those diagnostic capacity factors are defined according to the Turkish
healthcare system, and changes in capacity from 2002 to 2023 are statistically
demonstrated. In this context, Tirkiye's diagnostic capacity demonstrates a

paradoxical trend. While the number of doctors per capita has been increasing over
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the years, the intense workload of doctors indicates that this capacity remains

insufficient.

Chapter 3, grounding the study in Arrow's uncertainty theory of medical care
framework, provides an understanding of how underdiagnosis in Tirkiye is analysed
under four distinct capacity constraints. In this context, it first acknowledges that
diseases are inherently uncertain and that this uncertainty creates an asymmetrical
relationship between the doctor (agent) and the patient (principal), where patients
lack sufficient information about diagnosis and treatment and therefore must rely on
the doctor's judgment. Second, within this asymmetrical relationship, physician
decision-making may be influenced by time and resource constraints, financial
incentives, or concerns about missed diagnoses and malpractice lawsuits. In this
context, physicians request more MRI scans, but under time and resource constraints,
overuse of MRI technologies may exacerbate underdiagnosis rather than diagnosis.
Particularly in situations where patients are fully covered by insurance, mutual
demands between physicians and patients may increase, creating a moral hazard in

the system.

This study developed a multidimensional empirical strategy in Chapter 4, using
comprehensive nationwide healthcare data (2015-2016 and 2019-2023). First,
underdiagnosis is defined as R-coded diagnoses (ICD-10 codes RO0-R99, indicating
signs, symptoms, or abnormal findings without a definitive diagnosis). In the Turkish
healthcare system, ICD-10 codes are mandatory in diagnostic reports. Therefore,
clinicians actively use ICD codes in their examinations since these codes are used
only when a healthcare provider cannot or does not make a specific diagnosis. Then,
three different logistic regressions are set up to understand human, institutional, and
machine capacity on underdiagnosis. Then, two complementary instrumental
variable (IVV) models were designed: one to address endogeneity in physician
workload, and another to isolate the role of machine quality in repeat imaging. These
methods allowed for causal inference beyond the limitations of standard regression

models.

The empirical analysis in Chapter 5 yields several consistent findings: First, human

capacity factors show that higher daily patient visits increase the probability of
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underdiagnosis. This is consistent with evidence on decision fatigue and cognitive
overload in medical care. Second, Time-of-day and vacation effects matter.
Underdiagnosis increases in afternoon/evening shifts and during holiday periods, in
line with literature on “weekend effects” and resource shortages. These patterns
confirm that temporal bottlenecks exacerbate both human fatigue and machine usage
pressures. Third, under the institutional capacity, hospital type, and bed turnover
rates influence diagnostic precision, with higher-tier institutions performing better.
MRI utilization per machine reflects organizational load balancing rather than
individual machine strain, underscoring that diagnostic accuracy is shaped by both
institutional efficiency and equipment availability. Finally, machine capacity shows
that the MRI Quality 1V model demonstrated that poor scanner quality, proxied by

historical repeat MRI rates, significantly contributes to underdiagnosis.

In this context, two different IV model strategies are used: The first one is to
determine workload strain at the physician level. Instruments based on time category
and day category are highly predictive of workload. According to doctor IV results,
the cumulative effect is substantial; an increase of 50 patients per doctor per day in
Turkish hospitals raises underdiagnosis odds by more than 15 percentage points. This
quantitatively confirms that overburdened physicians contribute meaningfully to
diagnostic uncertainty. The second IV model is based on the low-quality MRI
indicator, generated from repeat MRI visits between 2019 and 2023, strongly
predicted patient repeat MRI wuse in the first stage in 2015-201616
(f = 0.0294,5E = 0.0046,p < 0.001). In the second stage, repeat MRIs were
positively associated with underdiagnosis (8 = 1.72,5E = 0.99,p = 0.083),
suggesting that low-quality scans directly increase patients' likelihood of receiving R
codes. Accordingly, repeat MRIs often arise from poor imaging quality or doctor
fatigue, but the strong first-stage results confirm that machine quality is a credible
driver. This highlights the importance of technology standards and maintenance.

Taken together, these two models show that both technological strain and human
strain independently and significantly increase the probability of underdiagnosis. The
effect sizes are nontrivial: moving from low to high workload environments

increases R-code probability by double-digit margins, and operating under low
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imaging quality regimes produces up to a 12% higher likelihood of inconclusive
outcomes. These findings strongly validate the thesis hypothesis: systemic strain in
Tirkiye’s health system, whether in people, machines, or institutions, directly
translates into higher rates of underdiagnosis. Moreover, the finding that MRI quality
measured in 2019-2023 significantly predicts underdiagnosis already in 2015-2016
points to a persistent structural inefficiency in the Turkish healthcare system rather
than a short-term fluctuation. This long-run imprint of poor quality resonates with
the concerns raised by the Turkish Radiology Association (2018), which documented
how insufficient physician and radiologist capacity, uncontrollable patient demand,
and defensive medicine practices collectively drive excessive test intensity. The
empirical results of this thesis thus not only quantify but also substantiate the
structural problems identified by the TRA, showing that these systemic bottlenecks

continue to undermine diagnostic precision over time.

This thesis makes three contributions: First, it contributes to extending Arrow’s
uncertainty framework by operationalizing underdiagnosis through R-code
probabilities. The persistence of high R-code rates despite abundant MRI availability
confirms Arrow’s prediction that uncertainty in medicine cannot be eliminated
simply by increasing service volume. Instead, asymmetric information and
misaligned incentives lead to both overuse (supplier-induced demand for MRIs) and
underdiagnosis (R-codes), which coexist as two sides of the same uncertainty coin.
Thus, it enables making empirical clarity on how uncertainty manifests in imaging-
intensive health systems. Second, it demonstrates endogeneity of physician
workload. By using time-of-day and vacation instruments, the thesis provides robust
evidence that workload is not exogenous but causally linked to diagnostic
performance. Finally, by leveraging historical repeat MRI rates (2019-2023) as a
proxy for scanner quality in 2015-2016, this thesis highlights the long-run

institutional imprint of poor technology on diagnostic accuracy.

In this context, the thesis has shown that the rapid expansion of diagnostic imaging
capacity in Tiirkiye, driven by the Health Transformation Program (HTP), has
delivered unprecedented access to diagnostic imaging (MRI) services, but at the cost

of emerging quality challenges. The econometric results demonstrate that
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underdiagnosis (proxied by R-codes) is systematically shaped by three capacity
dimensions: human, institutional, and technological. Heavy doctor workloads and the
unavailability of auxiliary staff increase the probability of underdiagnosis; peripheral
hospitals with weaker institutional structures display systematically higher diagnostic
uncertainty; and low MRI quality and machine overuse amplify diagnostic errors.
These findings confirm that while access has been broadened, the system still

struggles to convert volume into diagnostic precision.

Thus, the Turkish case illustrates a fundamental trade-off: expanding the number of
machines, visits, and examinations improves access, but unless human resources,
institutional processes, and technological quality keep pace, diagnostic accuracy may
suffer. Simply put, more scans do not automatically translate into better diagnoses.
The evidence of underdiagnosis despite massive capacity growth highlights the
diminishing returns of access expansion when quality management lags behind. This
is a critical lesson for health systems globally: achieving universal access to
technology without embedding quality safeguards risks entrenching inefficiencies

and diagnostic errors.

The analysis also shows that existing incentive structures may inadvertently worsen
these trade-offs. Fee-for-service and performance-based payment schemes, while
successful in expanding throughput, reward volume rather than accuracy. Providers
facing high patient loads and inadequate support staff are incentivized to maximize
service counts, even at the risk of diagnostic shortcuts. In Arrow’s (1963)
framework, this reflects how uncertainty and asymmetric information allow
incentives and organizational design to shape outcomes in unintended ways. Unless
carefully calibrated, provider payment systems may encourage overuse while

simultaneously raising the probability of underdiagnosis.

These contributions bridge health economics, medical decision-making, and health
system studies by showing that diagnostic precision emerges from the joint
constraints of men and machines. The results carry several actionable implications on
behalf of those reforms that should aim to realign incentives and balance access with

quality. In this context, first, performance incentives must be recalibrated. Payment
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schemes should reward not only service volume but also diagnostic accuracy by
incorporating quality metrics into performance evaluations. Second, investments in
human resources are as critical as those in technology. Ensuring the presence of
adequate radiology staff, technicians, and support personnel during evenings, nights,
and weekends can alleviate time-pressure-induced underdiagnosis. Physician
workload should be managed by reducing daily patient volumes and redesigning
shift schedules to allow for adequate diagnostic focus. Third, technological quality
must be upgraded and maintained. Regular maintenance, accreditation, and
performance monitoring of MRI devices are necessary to prevent quality
deterioration under heavy usage. Repeat MRI scans should be systematically
monitored as a key performance indicator. Finally, institutional resilience should be
strengthened. Smaller and peripheral hospitals must be supported through tele-
radiology networks, centralized review mechanisms, and well-defined referral
pathways to mitigate regional disparities in diagnostic accuracy.

Some limitations should be acknowledged. First, the analysis relies on administrative
data and does not capture physician decision-making processes directly. Second,
instruments, while strong, cannot fully eliminate unobserved heterogeneity across
institutions. Third, underdiagnosis measured via R-codes is only one dimension of
diagnostic quality. Future research could expand by linking underdiagnosis to long-
term patient outcomes, studying interactions between artificial intelligence
diagnostics and human/machine capacity, and conducting cross-country analyses to
compare Tiirkiye’s experience with other middle-income health systems undergoing

rapid diagnostic expansion.

Turkish experience contributes to the broader global debate on the future of
diagnostic systems. As universal health coverage (UHC) and the WHO’s Essential
Diagnostics List emphasize equitable access, Tiirkiye’s case highlights that access
alone is insufficient. Without robust attention to incentives, human resources, and
technology quality, expansion risks entrench inefficiency and diagnostic gaps. Future
research should extend this approach to other modalities (CT, mammography) and
examine patient outcomes of underdiagnosis. Last but not least, the thesis has shown

that diagnostic precision in Tiirkiye’s health system is constrained simultaneously by
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human effort, machine reliability, and institutional structure. Thus, the
underdiagnosis is a systemic result of capacity imbalances and exemplifies a paradox
at the heart of modern healthcare: The system celebrates more machines, more
scans, more throughput, yet patients ultimately need more certainty, not just more
activity. In Arrow’s (1963) framework, the health system is a theatre of uncertainty,
where information gaps and incentive misalignments determine outcomes. Thus,
more capacity does not dissolve uncertainty; under asymmetric information and
volume-linked incentives, it can reallocate uncertainty. The findings here reveal a
dichotomy between human expertise and machine capacity or, put differently,
between quantity and quality. The overall conclusion is that improving diagnostic
accuracy requires a balanced policy response. Tiirkiye can achieve sustainable
improvements in diagnostic care only by addressing the three dimensions of capacity
together: managing workload effectively, ensuring technological quality, and
strengthening institutional structures with a focus on quality rather than quantity.
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APPENDICES

A. TURKISH SUMMARY / TURKCE OZET

Saglik hizmetlerinde taninin kritik rolii énemlidir. MR ve BT gibi goriintiileme
yontemleri de dahil olmak iizere tani, erken hastalik teshisi ve daha iyi hasta
sonuglar1 sagladig: i¢in evrensel saghik kap  samma (UHC) ulagmak icin hayati
onem tasimaktadir. 2023 yilinda Diinya Saglik Orgiitii, yetersiz hizmet alan
niifuslarin genellikle zamaninda hizmet alamamasi nedeniyle tani erigiminin ve
kalitesinin UHC ve esitlik i¢in hayati 6nem tasidigin1 vurgulamistir (PATH, 2023).
Bu baglamda, Tiirkiye'nin 2003 yilinda baslatilan Saglik Doniistim Programi (SDP),
saglik hizmetlerine erisimi Onemli Ol¢iide artirmistir. Ancak reformlar, sistem
kapasitesi konusunda kapasite artis1 yasanirken kalifiye konusunda endigeleri de
beraberinde getirmistir. Kisi basina diisen doktor ve tibbi goriintiileme MRI sayis1
yetersiz kalmakta, lakin arza karsi talep cok yiiksek seviyelerdedir. Buradan
hareketle, bu tez, Tirkiye'de tibbi goriintiileme teknolojisi icerisinde MRI segerek
yetersiz taniyi, teknolojik, insani ve kurumsal faktorlerin hastalarin kesin bir tani
konulmadan saglik sisteminden ayrilmalarina nasil yol ag¢tigimi arastirmaktadir.
Amag, Tirkiye'nin saglik reformlar1 ve tami kapasitesini {i¢ faktor altinda
sentezlemek, teorik bir cergeve sunmak ve Tiirkiye capinda hasta seviyesinde ve
hastane seviyesindeki genis c¢apli verileri kullanarak ampirik bulgular

sonuclamaktir.

Tiirk Saghk Sisteminde Tam Kapasitesi

2003 yilindan bu yana, Tirkiyenin Saglik Dontlisim Programi (SDP), saglk
hizmetlerini Genel Saghk Sigortasina (GSS) dogru yeniden yapilandirmistir.
Reformlar, birlesik bir GSS sistemi olusturmus ve aile hekimligi modelini 2010

yilina kadar tiim illere yayginlastirmistir. Ayrica, SDP kapsaminda yeni Kamu-Ozel
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Ortakligt (PPP) hastane projeleri kapsaminda insa edilen “Sehir Hastaneleri”
kapasiteyi artirmistir. Ornegin, bu projeler kamu hastaneleri biinyesinde destek
hizmetleri (radyoloji gibi) saglamak {izere Ozel isletmecileri biinyesine katmustir.
Bunlara ek olarak, doktorlarin maaslar1 artirilarak hizmet basina {icret tesvikleri
getirilmistir. Hizmet hacmi i¢in prim Odemelerinin getirilmesi, {retkenligi
odiillendirmeyi amaglamakla birlikte, ayn1 zamanda hizmet kullanimini artirmak igin
finansal tesvikler de yaratmistir. Boylece, performansa dayali 6deme sistemi bakim
hizmetini hizlandirirken nicelige vurgu yapmanin kalite ve giivenligi azaltabilecegi
endisesi pek ¢ok calisma tarafindan ortaya konulmustur (Aran ve Rokx, 2014) Bu
sonuglar, SDP'nin hizmet kullanimina olan erisimi biiyiik 6lciide genislettigini ancak

diyagnostik kapasite faktorlerini zorladigin1 gostermektedir.
Tiirkiye'de Tam Kapasitesi Cercevesi

Bu tez, Tirkiye'de yetersiz taniy1 degerlendirmek icin bir tani kapasitesi ¢ergevesi

gelistirmektedir. Cerceve, tan1 kapasitesini ii¢ ayr1 kategoride degerlendirilmektedir:

Insan Kapasitesi: Teshis ve tedavi siirecinde tam1 kararim sekillendiren
klinisyenlerin ve tamamlayict personelin is ylikiinii ve dagilimimn ifade eder. Yiiksek
hasta yogunlugu ve smirli konsiiltasyon veya raporlama siiresine sahip ortamlarda,
klinisyenler daha fazla biligsel yiik ile kars1 karsiya kalmaktadir. Bu da belirsiz
kodlama ve geciken/kagan tanilar olasiligini yiikseltmektedir. Calisma baglamimizda
bu mekanizma, giin-i¢ci ve hafta-i¢i zaman baskis1 Oriintiileri ve gilinlilk bagvuru
yogunlugu iizerinden yakalanmakta; beklenti, daha yiiksek is yiikii ve gec¢ saat
randevularinin R-kod atama olasiligin1 artirmasi yoniindedir. Boylece yetersiz tani,
bireysel yetkinlikten ziyade, kit insan dikkatinin operasyonel kisitlar altinda nasil

tahsis edildiginin bir ¢iktisi olarak ele alinir.

Kurumsal Kapasite: Saglik hizmetinin 6rgiitsel baglamini, tesvik yapisini ve hasta
akig mimarisini i¢erir. Hastane tipi (A1-E2), merkezi hastane rolii, sevk merkeziyeti,

yatak devir hiz1 kurumsal kapasiteyi belirleyen faktorlerdir.

Teknolojik Kapasite: Tibbi goriintiilleme ekipmanlarmin (MR, BT, MAM)

bulunabilirligini ve kalitesini ifade eder. Tiirkiye, Saglikta Doniislim Programi'ndan
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bu yana yiiksek teknoloji ekipman sayisin1 6nemli 6l¢iide genigletmistir. 2002 ile
2023 yillar1 arasinda MR cihazi sayist 58'den 1001'e ¢ikmistir. Ancak, bu artis kisi
basina cihaz seviyesinde OECD iilkelerinin gerisindeyken kisi basma diisen
gorlintiilleme sayisinda ve cihaz basina yapilan goriintiilleme sayilardan en yiiksek

oranlara sahiptir.

Teorik Cerceve

Bu tez, yetersiz taniy1 agiklamak i¢in Arrow’un (1963) tibbi bakimdaki belirsizlik
teorisini temel almaktadir. Arrow’a gore saglik hizmetleri, belirsizlik ve bilgi
asimetrisi nedeniyle miikemmel piyasa varsayimlarindan 6nemli oOlgiide sapar.
Hastalar ne zaman hastalanacaklarini, hangi tedavinin etkili olacagini veya bir
doktorun hizmet kalitesini kolayca bilemezken; doktorlar hastalarin ihtiyaglar1 ve
teknik olanaklar hakkinda ¢ok daha fazla bilgiye sahiptir. Bu asimetri, saglik
hizmetlerinin yalnizca piyasa mekanizmalariyla islemesini imkansiz kilar; bu
nedenle etik kurallar, mesleki lisanslar, sigorta sistemleri ve yasal diizenlemeler

ortaya ¢ikar.

Arrow ayrica, piyasa dist miidahalelerin (6rnegin, iicret yapilari veya hastane
diizenlemeleri) teshis ve tedavi kararlarini garpitabilecegini vurgulamistir. Tiirkiye
baglaminda bu c¢ergeve Ozellikle anlamhidir: Hastalar c¢ogu zaman ileri
gorlintiilemeye ihtiyaglari olup olmadigini bilemez ve doktorlarin yonlendirmelerine
giivenmek zorundadir. Doktorlar ise performansa dayali 6deme sistemleri veya
malpraktis riskleri nedeniyle teshis siireclerinde piyasa dis1 tesvikler ve kisitlamalarla
kars1 karsiya kalmaktadir. Dolayisiyla, Arrow’un belirsizlik kavrami Tiirkiye’de MR

kullanim davranigini1 anlamak i¢in giiclii bir teorik zemin sunmaktadir.

HTP sonrasinda doktorlar tarama bagina daha fazla gelir elde edebilmekte, ancak
ayni zamanda fatura denetimleri ve malpraktis sikayet mekanizmalar1 gibi daha siki
diizenlemelerle kars1 karsiya kalmaktadir. Burada 6nemli olan Arrow’un isaret ettigi
tesvikler ile kisitlamalarin nasil etkilestigidir. Bu gerceve altinda, tez hem teorik
(Arrow’un belirsizlik yaklasimi) hem de ampirik (lojistik regresyon, IV modelleri)

yontemlerle Tiirkiye’de MR kullaniminin yetersiz taniya nasil yol agtigini
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incelemektedir. Bulgular, insan kurumsal ve makine kapasiteleri zorlandiginda

yetersiz tani riskinin arttigin1 gostermektedir.

Literatiir Taramasi

Bu boliim, tanisal goriintiileme (MR) kullanimini artiran arz-tarafi tesvikler, defansif
tip ve hasta beklentileri {izerine uluslararas1 ve Tirkiye odakli bulgular1 kisaca

sentezlemektedir.

Arz kaynakh talep ve finansal tesvikler: Bilgi asimetrisi, hekimlerin hastalar adina
karar verirken finansal tesviklere tepki vermesine yol agarak arz kaynakli talebi
(SID) miimkiin kilmaktadir (Evans, 1974; McGuire, 2000). Ucret-basina-hizmet ve
ikili 6deme diizenlerinde hizmet miktarinin artirtlmast sik goriiliir (Clemens &
Gottlieb, 2014; Zabrodina et al., 2020). Tirkiye’de SUT/SGK kapsami ve
performans ek 6demesi ¢ikt1 sayisim1 odiillendirir; bu yapi, klinik gereklilik sinirinin

otesinde kullanim riskini artirmaktadir (Basar et al., 2019; OECD, 2017).

Defansif Tip ve Malpraktis Baskisi: Defansif tip, olasi dava riskini azaltma
motivasyonuyla gereksiz testlerin istenmesi seklinde ortaya ¢ikar ve goriintiileme bu
davranigin baslica araglarindandir. Mediko-legal risk algisi, 6zellikle acil servis
baglaminda “kacirmama” saikiyle gereksiz goriintiilemeyi tesvik eder; hekimler kimi
zaman dava riskini azaltmak ve belirsizligi yonetmek i¢in goriintiileme ister
(Brownlee et al., 2017; Tung et al., 2018). Tirkiye’de 2004/2012 reformlariyla
malpraktis basvurularinin artmasi, klinik pratikte daha temkinli/defansif kaliplari

giiclendirmistir (Ozmen et al., 2015; Arikan et al., 2017; Basar et al., 2019).

Hasta Beklentileri ve Talep Faktorleri: Tiirkiye evrensel saglik sigorta kapsamina
ulastikca, Arrow’un ‘ahlaki tehlike’ altinda hastalarin tedavi kapsaminda taniya olan
talebi artmaktadir. Daha iyi bilgilendirilmis ve teknoloji tabanli bakim bekleyen
hastalar, kiiclik sikayetler i¢in bile goriintiilleme talep edebilir. Bu hasta odakl talep,
daha yiiksek goriintileme oranlarma yol agabilir. Ornegin, hekim ziyaretlerindeki

artis, muhtemelen goriintiileme yonlendirmelerini de igeren saglik hizmeti arayisinin
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arttigin1 gostermektedir. Hasta talebiyle ilgili literatiir, daha iyi egitimli veya daha

varlikli hastalarin genellikle daha fazla goriintiileme hizmeti aldigin1 gostermektedir.

Literatiiriin isaret ettigi mekanizmalar dogrultusunda, R-kodlariyla Olgiilen tanisal
belirsizligin is yiikii, kalite ve tesvik kanallar1 {izerinden nasil olustugunu test etmek

lizere asagidaki hipotezleri kuruyoruz.

H1: Insan Kapasitesi ve Zaman Baskisi: Belirsizlik kuramina dayanarak,
hekimlerin giin icinde ¢ok sayida hastaya bakmasi ve yardimci personel yetersizligi
tanisal siireci kisaltarak yetersiz tani olasiligini artirir. Yiiksek hasta ziyaretleri ve
tarama hacimleri (performans-odeme hedeflerine bagli olarak) saglik ¢alisanlarini
yorabilir. Aksam/gece/hafta sonu vardiyalarinda uzmanlik ve destek hizmetleri
azaldig1 icin bu etki giiclenir. Caligma, doktor basina toplam giinliik ziyaret sayisi

gibi metriklerin eksik tan1 olasiligiyla pozitif korelasyon gostermesini beklemektedir.

H2: Teknolojik Baski: MR Asir1 Kullanimi ve Goriintii Kalitesi: Asirt MR
kullanim1 klinik akil yiirlitmeden sapmaya ve “cevap vermeyen” incelemelerin
artmasina, disiik kalite (acele ¢ekim, yetersiz protokol/yorum) ise belirsiz ya da
tekrar ¢ekim gerektiren sonuglara yol agabilir. Bu nedenle makine basina ¢ekim
sayisi ¢ok yiiksek olan veya ayni giin tekrar MR orani fazla olan hastanelerde R-
kodu daha sik beklenir. Beklenti: MR yogunlugu ve tekrar oranlari arttik¢a R-kod
(yetersiz tani1) olasilig1 yiikselir (Hendee et al., 2010; Brinjikji et al., 2015).

H3: Kurumsal Baski: Hastane Kademesi ve Kaynaklar: Daha diisiik kademeli (6rn.
Tip C/D/E) hastanelerde uzmanlik ve tanisal altyap: kisitlari, karmagik vakalarda
hekimin R-kodu ile “iist merkeze yoOnlendirme” stratejisine bagvurma olasiligini
artinr. Buna karsilik iiniversite/egitim-arastirma ve merkez/referral hastaneler
kapasite sayesinde bu baskiyr daha iyi absorbe edebilir. Beklenti: kademeler
yiikseldik¢e R-kodu oran1 azalir (OECD, 2017).

H4: Hasta Ozellikleri: Son olarak, belirli hasta faktdrleri yetersiz taniy:
etkileyebilir. Tez, yas, cinsiyet ve hastalik siddet derecesini yardimci degiskenler
olarak ele almaktadir. Calisma, yetersiz taninin, yas ve hastalik siddeti arttik¢a

artacagini varsaymaktadir.
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Veri ve Metodoloji

Analiz, yetersiz tan1 ve belirleyicilerini incelemek amaciyla birden fazla Tiirk saglik
veri setinden yararlanmaktadir: Calismanin ana verisi 2015-2016 dénemine ait Hasta
Diizeyinde Hastane Verileridir. Bu talep verisi, demografik 6zellikler, yatis tanilari
(ICD kodlar1) ve goriintiileme talepleri hakkinda kapsamli bilgi sunmaktadir. Bu veri
tizerinden, acgik bir tan1 kaydi bulunmayan vakalar “R kodlar1” yardimiyla yetersiz
tan1 gostergesi olarak tanimlanmustir. Orneklem, farkli hastanelerden on binlerce
hasta karsilagmasii igermektedir. Bir diger veri seti, goriintiileme teknolojilerinin
giincel trendlerini gosteren 2019-2023 donemine ait hastane diizeyinde goriintiilleme
kullanim verileridir. Saglik Bakanligindan toplanan bu seri, bes yil boyunca
hastanelerin yillik MRI kullanimi ve basvuru sayilarmin takip etmektedir. Ugiincii
veri seti ise 2019-2023 yillarina ait hasta takip MRI verileridir. Bu kohort, MRI
cektiren ve kisa bir siire igerisinde (90 giin) tekrar goriintiilemeye alinan hastalari
kapsamaktadir. Bu veri setlerine gore regresyon analizlerinde kullanilan baslica

degiskenler sunlardir:

Yetersiz Tam Gostergesi: Bir vaka R kodu aldiysa = 1, aksi halde = 0.

Aym Giin Tekrar MR: Ayni giin birden fazla MR ¢ekimini gosteren ikili degisken.

Diisiik Kaliteli MR: 2019-2023 MR bagvurular1 yapan hasta veri setinden tekrar

MR ¢ekim durumuna gore tiiretilmis diisiik kalite gostergesi

Makine Basina MR Kullanim Seviyesi: Her hastanedeki MR iinitelerinin kullanim

yogunlugunu dlgmektedir.

Toplam Doktor Giinliik Ziyaretleri: Tedavi eden hekimlerin giinliik ortalama

ayakta hasta sayisi.

Hastane Tiirii ve Diizeyi: Merkez hastanesi veya hastane roliine gore alt kademeli

kurum ayrima.

Hasta Es degiskenleri: Yas, cinsiyet ve hastalik siddeti
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Ampirik Metodoloji

Bu calisma, Tirkiye’de tanisal belirsizligin belirleyicilerini insan, kurumsal ve
makine kapasitesi eksenlerinde sinamak i¢in iki tamamlayici yaklagim uygular: 1) R-
kodu ile sonuglanma olasiligini agiklayan temel lojistik regresyonlar, ii) hekim
giinliik ziyaret sayis1t ve MR kalite/kullanim1 gostergelerindeki endojenligi gidermek
tizere kurulan arag degiskenli (IV) modeller. Bagimli degisken R_Code Prob olup,

basvurunun R kodu (1) ya da spesifik tani (0) ile sonlanmasini gosterir.

Ik olarak, lojistik ¢er¢evede modelleme asamali bigimde ilerler ve her asama bir
kapasite boyutunu taniml bir sekilde devreye alarak katsayilarin kararliligini sinar.
[lk olarak, Insan kapasitesi modeli arz tarafi gostergeleri (aymi giin tekrar MR, hekim
giinlik ziyaret sayisi, MR makine basina kullanim Seviyesi) ve hasta/bagvuru
kontrolleriyle tahmin edilir. Ikinci olarak, kurumsal kapasite modeli temel yapiya
Sevk Derece Orani, Yatak Devir Hiz1 ve Diisiik MR Kalitesi gostergelerini ekleyerek
kurumlarin akis-ydnetimi ve kalite altyapisini igsellestirir. Ugiincii olarak, makine
kapasitesi modeli teknoloji/altyapr boyutunu BT cihaz basina kullanim seviyesi ve
MAM cihaz basina kullanim seviyesini ekleyerek ayrintilandirir. Béylece yalnizca
MR yogunlugunun degil, BT ve mamografinin kurum i¢i kapasite kullaniminin da R-
kodu ile iliskisini bagimsiz ve eszamanl olarak tahmin edilir. Ikili sonu¢ degiskeni
icin tiim asamalarda lojistik tahmin yapilir; katsayilar marjinal etkiler iizerinden
yorumlanir ve hastane diizeyi kiimelerde kiime-robust standart hatalar kullanilir. Bu
kurgu, MR-odakli teknolojik yogunluk ve kalite gdstergelerinin yani sira BT ve
mamografinin kapasite kullanimimi da modelleyerek, teknolojik yogunluk/kalite ile

R-kodu arasindaki iligskiyi daha temiz bi¢cimde izole eder.

Endojenlik riski iki kanaldan ele almir. Ilk olarak, hekim giinliik ziyaret sayisi
gozlenemeyen hekim niteligi, vaka karmasi veya ayni giin talep soklariyla iligkili
olabilir; bu, basit lojistik tahminlerde yanliliga yol agar. Bu nedenle, zaman temelli
digsal dalgalanmadan yararlanan araclar (gilin/saat kategorileri) kullanilarak hekim is
yiikiinde digsal varyasyon izole edilir. Ikinci olarak, aym giin tekrar MR ve MR
kalite kullanim1 gostergeleri de hem klinik karmasiklik hem de kurum i¢i uygulama

farkliliklariyla icsel olabilir; burada, cihaz/yorum kalitesini yansitan kalite ortami
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gostergeleri (hastane diizeyinde tekrar oranlari) ara¢ olarak kullanilir. IV tahminleri
iki agamal1 (2SLS) ¢ergevede yiiriitiiliir; ikincil dogrulama olarak ikili sonuglar i¢in

ivprobit/kontrol-fonksiyonu yaklagimlariyla tutarlilik sinanir.

Ekonometrik Modeller ve Sonuclar

Ik lojistik regresyon, insan kaynag modelidir. Bu modeldeki temel degisken olan
doktorun giinliik hasta sayisi, R koduyla tan1 konulma olasiligiyla negatif ve anlamli
bir iligki gdstermektedir (p < 0.05). Ancak bu sonucun dogrudan doktorun daha fazla
calistikca daha iyi tan1 koydugu seklinde yorumlanmasi yaniltici olabilir. Ciinkii
sistemde iyi doktorlara yonelim (self-referral) ve vaka segilimi gibi mekanizmalar
vardir. Daha fazla hasta goren doktorlar, genellikle daha kolay veya belirgin vakalari
gorme egiliminde olabilir; karmasik vakalar ise daha sakin zamanlara ya da uzman
merkezlere yonlendirilebilir. Ayrica, toplumda "iyi doktor” olarak bilinen hekimler
hem daha fazla hasta c¢ekebilir hem de daha basarili tani1 koyabilir. Bu nedenle,
gozlemlenen bu iliski nedensel degil, muhtemelen se¢ilim yanlihigi ve ters
nedensellik i¢eriyor olabilir. Bu endojenlik sorunu, ilerleyen boliimde ara¢ degiskenli
modeller ile test edilecektir. Ayrica giinlin saati ve tatil giinleri, tan1 belirsizligini
anlamli bicimde artirmaktadir. Ozellikle aksam/gece saatlerinde ve tatil giinlerinde R
kodu alma olasiligr ciddi sekilde yiikselmektedir. Bu da destek personelinin sinirl

oldugu zamanlarda tan1 konulmasinin zorlastigin1 gostermektedir.

Ikinci lojistik regresyon, hastane kapasitesini vurgulamaktadir. Bu modelde
hastanenin sevk derecesi, merkezi olup olmamasi ve hastane tipi gibi kurumsal
faktorler incelenmistir. Merkezi hastaneler ve yiiksek diizeyde genel hastaneler (A2,
B), tan1 belirsizligini anlamli 6l¢iide azaltmaktadir. Bu, bu hastanelerin daha 1yi tani

slireglerine ve uzman kadroya sahip oldugunu gostermektedir.

Ugiincii lojistik model, teknoloji kapasitesini 6lgmektedir. Bu modelde MR cihaz
kalitesi, MR cekim yogunlugu ve diger goriintiileme (BT, mamografi) cihazlariin
kullanimi1 analiz edilmistir. Diisiik kaliteli MR cihazlari, ayn1 giin iginde tekrar MR
cekimi yapilmasi, ve yogun sekilde kullanilan MR cihazlari, tan1 konulamama

ihtimalini ciddi 6l¢iide artirmaktadir (p < 0.01 seviyelerinde). Ornegin, yiiksek MR
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kullanim diizeyi olan hastanelerde, R kodu alma ihtimali neredeyse 5 kat
artmaktadir. Bu, cihaz basina diisen hasta sayisinin ¢ok yiiksek olmasi durumunda
tan1 kalitesinin diistiigiinii gdstermektedir. Ilging olarak, yiiksek BT ve mamografi
kullanim diizeyleri, tan1 belirsizligini azaltmaktadir. Bu durum, bu tiir cihazlarda
kullanilan daha standart protokoller ve siireglerin etkili tan1 saglamasiyla iligkili

olabilir.

Arac Degiskenli (IV) Regresyonlar

Bu boliimde, bazi temel degiskenlerin tani belirsizligi (R kodu ile tani) iizerindeki
etkilerini nedensel olarak 6l¢mek amaciyla iki farkli IV (arag degiskenli) regresyon
modeli uygulanmustir. Onceki lojistik modellerde, doktorun giinliik hasta sayis1 ve
ayni giin tekrarlanan MR c¢ekimi gibi degiskenler, sonuglarla istatistiksel olarak
iligkiliydi; ancak bu degiskenlerin hem hasta se¢imi, hem doktor niteligi, hem de
sistem i¢i yoOnlendirmeler (self-referral) gibi nedenlerle endojen olabilecegi
degerlendirildi. Bu nedenle, s6z konusu degiskenlerin etkisini digsal soklarla izole
edebilmek icin zaman kategorileri (sabah/6gle/gece) ve tatil giinii gibi zamanlama
temelli degiskenler ile MR kalitesi gibi yapisal degiskenler, ara¢ degisken (IV)

olarak kullanilmstir.

Doktor Talep ve Is Yiikii IV Modeli: ilk modelde, doktorun bir giinde gordiigii
hasta sayisinin tani belirsizligi iizerindeki etkisi incelenmektedir. Bu degisken,
dogrudan Olciildiigiinde secilim yanliligi tasiyabileceginden, gilinlin saati
(sabah/6gle/gece) ve giiniin tiirii (tatil mi degil mi) gibi zaman temelli degiskenlerle
araglanmistir. {lk asama sonuglar;, bu zamanlama degiskenlerinin doktorun hasta
sayisini giiclii sekilde etkiledigini gostermektedir (F istatistigi > 10). Ikinci
asama sonuclarinda, doktorun giinlilk hasta sayisindaki artisin tani belirsizligi
thtimalini anlamli sekilde artirdigi goriilmiistir (p < 0.01). Bu bulgu, o6nceki
modellerdeki ters iliskiyi diizelterek, yogun is yiikiiniin gerg¢ekten tanisal hata ve
belirsizlige yol actigin1 gostermektedir. Bu durum, Arrow’un (1963) saglikta
belirsizlik teorisiyle, ayrica klinik karar kalitesini etkileyen zaman baskis1 ve

tiikkenmislik literatiiriiyle ortiismektedir.
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MR Kalitesi ve Tam Belirsizligi IV Modeli: ikinci IV modeli, ayn1 giin icinde
tekrarlanan MR ¢ekiminin, tan1 belirsizligi lizerindeki etkisini analiz etmektedir. Bu
degiskenin hasta karmasiklig1 ve doktor davranisiyla iligkili olabilecegi icin, arag
degisken olarak 2019-2023 donemine ait hastane diizeyinde tanimlanan “diisiik MR
kalitesi” kullamlmustir. ilk asama sonuglari, diisiik kaliteli MR ortamlarmin
tekrarlayan c¢ekim ihtimalini giliclii sekilde artirdigini ortaya koymaktadir (F
istatistigi ~ 40). Ikinci asamada, ayni giin tekrarlanan MR ¢ekimi ile tam
konulamama olasilig1 arasinda pozitif ve anlamli bir iliski saptanmistir (p = 0.08). Bu
bulgu, MR kalitesinin sadece teknik bir ayrinti degil, klinik tani siire¢lerinin
dogrulugunda belirleyici bir rol oynadigini gostermektedir. Ayrica, cihaz basina

diisen yiiksek cekim sayisinin da tanisal dogrulugu diisiirdiigli goriilmiistiir.

Bu iki IV model birlikte degerlendirildiginde, hem insan kapasitesi (doktor yiikii)
hem de teknolojik kapasite (MR kalitesi ve cihaz yogunlugu) saglik sistemindeki
tanisal belirsizlikleri 6nemli Olcilide sekillendirmektedir. Dogrudan iligkilere kiyasla
IV modeller, daha giivenilir ve nedensel sonuglar sunmakta; boylece saglik
politikalarinda sadece kapasite artirrmi degil, ayn1 zamanda kalite iyilestirme ve is

yiikii dengelemesi gerektigini ortaya koymaktadir.

Temel Bulgularin Ozeti

Tez, tim modellerden diyagnostik kapasite faktorlerine goére temel bulgular:

Ozetlemektedir:

Insan Kapasitesi Faktorleri: Hekimin giinliik hasta sayisi, lojistik modellerde
negatif ve anlaml goriinse de, bu iliski biiylik 6l¢iide secilim yanlilig1 ve 1yi doktor
etkisi ile agiklanabilir. Ciinkii daha deneyimli ya da giivenilen doktorlara daha ¢ok
hasta yonelmekte ve bu doktorlar genellikle daha basit vakalar1 gérebilmektedir. Bu
nedenle degiskenin nedensel etkisini anlamak amaciyla IV yontemi uygulanmistir.
Gliniin saati ve tatil giinii gibi digsal degiskenlerle araglanan modelde, doktorun hasta
sayist arttikga tanisal belirsizlik (R kodu olasiligl) da artmaktadir (p < 0.01). Bu
sonug, biligsel yiiklenme, zaman baskisi, ve hizli karar alma zorunlulugu gibi

faktorlerin tan1 kalitesini olumsuz etkiledigini ortaya koymaktadir.
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Gliniin saatine ve giiniin tiiriine iliskin degiskenler (6r. sabah-6gle-aksam saatleri ve
tatil giinleri), yardimer saglik personeli kapasitesinin dolayli gostergeleri olarak
degerlendirilmistir. Tiim modellerde, sabah saatlerine kiyasla 6gleden sonra ve
ozellikle aksam/gece saatlerinde R kodu ile tam1 alma olasiligit %30 ila %150
arasinda artmaktadir. Ayni sekilde, resmi tatil giinlerinde tani belirsizligi anlamli
sekilde artmaktadir. Bu bulgular, laboratuvar, goriintiileme, danisman uzmanlik
hizmetleri gibi destekleyici birimlerin erisilebilirliginin siirli oldugu zamanlarda,
doktorlarin daha fazla belirsizlikle karsilastigini gostermektedir. Yardimci personel
eksikligi, taninin netlestirilememesine ve gegici R kodlariyla sistemden ¢ikis

yapilmasina yol agmaktadir.

Kurumsal Kapasite Faktorleri: Tezdeki modeller, hastanenin yapisal 6zelliklerinin
tam belirsizligi {izerinde belirleyici rol oynadigmi ortaya koymaktadir. Ozellikle
hastane tiiri degiskeni, tiim lojistik ve IV modellerde giiclii etkiler gdstermektedir.
Merkezi hastaneler ve yiiksek seviyeli genel hastaneler (A2, B tipi), tan1 belirsizligini
anlamli diizeyde azaltmaktadir. Bu hastaneler genellikle daha deneyimli kadrolara,
uzmanlagmis birimlere ve protokol temelli hizmet akislarina sahiptir. Buna karsin,
cevresel hastaneler (D, E1, E2) hem lojistik hem IV modellerde en yiiksek R kodu
oranlarma sahiptir. Ornegin, E2 tipi kii¢iik entegre hastanelerde tam1 konulamama

thtimali A1 tipi liniversite hastanelerine gore 4 kata kadar daha fazladir.

Bununla birlikte, baz1 kurumsal gostergeler, sevk derecesi veya yatak devir hizi, bazi
modellerde anlamli ¢ikmamistir. Bu durum, tanisal kapasite acisindan belirleyici
olanin sadece hastanenin fiziksel kapasitesi degil, ayn1 zamanda Orglitsel siirecleri,
kalite kontrol mekanizmalar1 ve multidisipliner ¢aligma yetkinligi oldugunu

gostermektedir (Ozen et al., 2022; Chen et al., 2012).

Teknolojik Kapasite: Modellerin 6nemli bir diger bulgusu, tan1 kalitesinin sadece
insan veya kurum faktorlerine degil, ayn1 zamanda dogrudan kullanilan teknolojik
altyaptya da bagl oldugu yoniindedir. Ozellikle MR cihazlarmin kalitesi, cihaz
basina diisen c¢ekim sayisi (yogunluk) ve ayni giin yapilan tekrar ¢ekimler, tani

belirsizligini anlaml sekilde artirmaktadir.
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Lojistik modellerde diisiik MR kalitesi olan hastanelerde R kodu alma ihtimali
yaklasik 2 kat daha fazladir. Bu bulgunun nedensel etkisini belirlemek amaciyla
uygulanan MRI Kalitesi IV Modeli, bu iliskinin gercekten MR kalite
eksikliklerinden kaynaklandigini gostermektedir. Diisiik kaliteli cihazlarda cekilen
MR'lar daha sik tekrarlanmakta ve bu tekrarlar taninin netlestirilememesine neden

olmaktadir (Bagsar et al., 2019).

Ayrica, MR cihaz1 basimma diisen c¢ekim sayisi yiiksek olan hastanelerde tami
belirsizligi anlaml1 sekilde artmaktadir. Ornegin, yiiksek kullanmim seviyelerinde R
kodu ile tan1 alma olasilig1 3 ila 5 kat daha fazladir. Bu durum, yogunluk baskisinin
tanisal hassasiyeti diislirdiiglinii ve doktorlarin “hizli ge¢is” yaparak belirsiz kodlara

yoneldigini gostermektedir (Smith-Bindman et al., 2008).

Genel olarak, ekonometrik kanitlar, Tiirkiye'deki goriintiilemede tami
konulmamasinin ¢ok faktorlii oldugu hipotezini desteklemektedir: insan ve makine
kapasiteleri asir1 zorlandiginda artar ve iyi kaynaklara sahip kurumsal ortamlarda

azalir.

Sonuc¢

Bu tez, Tirkiye’nin saglik sisteminde 2000’li yillarin basinda baslatilan Saglikta
Doéniistim Program1 (SDP) sonrasinda tanisal kapasitenin gelisimini ve bunun tanisal
dogruluk iizerindeki etkilerini incelemistir. ikinci béliimde gosterildigi gibi, program
sayesinde goriintiileme teknolojilerine erisim olaganiistii diizeyde artmis, 6zellikle
MR ve BT cihazlarinin sayisi ile hasta bagina diisen ¢cekim oranlari on kata varan
artiglar gostermistir. Ancak bu niceliksel genisleme, beraberinde is yiikii, performans

tesvikleri ve kapasite baskis1 kaynakli yeni sorunlar1 da getirmistir.

Ucgiincii  boliimde teorik cerceve olarak Arrow’un (1963) belirsizlik teorisi
kullanilmistir. Arrow’un One stirdiigii gibi, saglik hizmetlerinde bilgi asimetrisi ve
belirsizlik ortami, sistemin tesvik ve kapasite yapilari iizerinden tanisal sonuglari
dogrudan sekillendirmektedir. Bu cerceve, Tiirkiye Orneginde gozlenen yiiksek

hacimli hizmet sunumunun, her zaman daha dogru tanilara doniismedigini; aksine,
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insan, kurumsal ve teknolojik kapasite kisitlar1 altinda tanisal belirsizligin

artabilecegini agiklamaktadir.

Dordiincii boliimde tanimlanan hasta ve hastane diizeyindeki kapsamli veri setleri,
bes yillik donemi kapsayarak bu kapasite faktorlerini test etmeye imkan vermistir.
Veriler, hem doktor is yiikii hem de MR cihazlarinin kalite ve yogunluk gostergeleri

acisindan sistematik olgiimler igermektedir.

Besinci boliimde sunulan ekonometrik analizler, bu faktorlerin etkilerini ortaya
koymustur. Lojistik regresyon sonuglari, ii¢ kapasite boyutunda (insan, kurumsal,
teknolojik) belirgin egilimler gdstermistir: Insan kapasitesinde, yiiksek doktor is
yiikii ve dzellikle yardimer saglik personelinin az oldugu aksam/gece saatleri ve tatil
giinlerinde tanisal belirsizlik belirgin bi¢cimde artmaktadir. Kurumsal kapasitede,
merkezi ve daha iist diizey hastaneler (A2, B) tan1 dogrulugunu artirmakta; kiiciik ve
cevresel hastanelerde (D, E1, E2) ise belirsizlik riski ciddi 6l¢giide ylikselmektedir.
Teknolojik kapasitede, diisiik kaliteli MR cihazlar1 ve cihaz basina yiiksek c¢ekim
yogunlugu tani belirsizligiyle giicli sekilde iligkilidir; aym1 giin yapilan tekrar

cekimler de bu kalite eksikliklerinin dogrudan yansimasidir.

Bu bulgular, 1V modelleri ile desteklenmistir. Ara¢ degiskenli tahminler, 6nceki
sonuglardaki olasi endojenlik sorunlarini gidererek iki temel nedensel ¢ikarimi
giiclendirmistir:

I) Yiiksek doktor is yiikii, tanisal belirsizligi artirmaktadir.

ii) Disik MR Kkalitesi, tekrar ¢ekimleri tetikleyerek tani dogrulugunu

diistirmektedir.

Sonug olarak, Tiirkiye’nin saglik sisteminde tanisal kapasitenin yalnizca cihaz ve
erisim sayisini artirmaktan ibaret olmadigi, ayn1 zamanda insan giicli, kurum yapisi
ve kalite yonetimi ile desteklenmesi gerektigi ortaya ¢cikmistir. Bu ¢aligma, niceliksel
genislemenin yaninda kaliteyi ve kapasite dengesini merkeze alan bir yaklagimin,

hastalarin tan1 konulamadan kalma riskini azaltmada kritik oldugunu gostermektedir.
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