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Abstract 

Background  Many existing healthcare ranking systems are notably intricate. The standards for peer review and eval-
uation often differ across specialties, leading to contradictory results among various ranking systems. There is a signifi-
cant need for a comprehensible and consistent mode of specialty assessment.

Methods  This quantitative study aimed to assess the influence of clinical specialties on the regional distribution 
of patient origins based on 10,097,795 outpatient records of a large comprehensive hospital in South China. We pro-
posed the patient regional index (PRI), a novel metric to quantify the regional influence of hospital specialties, using 
the principle of representative points of a statistical distribution. Additionally, a two-dimensional measure was con-
structed to gauge the significance of hospital specialties by integrating the PRI and outpatient volume.

Results  We calculated the PRI for each of the 16 specialties of interest over eight consecutive years. The longitudinal 
changes in the PRI accurately captured the impact of the 2017 Chinese healthcare reforms and the 2020 COVID-19 
pandemic on hospital specialties. At last, the two-dimensional assessment model we devised effectively illustrates 
the distinct characteristics across hospital specialties.

Conclusion  We propose a novel, straightforward, and interpretable index for quantifying the influence of hospital 
specialties. This index, built on outpatient data, requires only the patients’ origin, thereby facilitating its widespread 
adoption and comparison across specialties of varying backgrounds. This data-driven method offers a patient-centric 
view of specialty influence, diverging from the traditional reliance on expert opinions. As such, it serves as a valuable 
augmentation to existing ranking systems.

Keywords  Specialty influence, Patient regional index, Outpatient big data, Representative points of statistical 
distributions, Two-dimensional assessment model

Introduction
In the realm of healthcare, a ‘specialty’ denotes a dis-
tinct branch of medicine that is dedicated to the study 
and treatment of a specific category of diseases or con-
ditions. The ‘clinical specialty ability’ encapsulates the 
capacity and growth potential of medical institutions to 
deliver specialized healthcare services. The quantitative 
appraisal of specialty ability is crucial for the distribu-
tion of medical resources, industry regulation, and hos-
pital administration. Importantly, objective and rational 
assessments of specialty ability equip patients with 
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valuable information, aiding them in making informed 
decisions regarding their choice of medical institutions.

Over the past few decades, numerous organizations 
have ranked or rated hospitals and specialties within 
their respective countries. These rankings serve dual 
purposes: guiding patients in selecting hospitals or 
medical centers, and providing a scientific founda-
tion for the evolution of specialties in government-run 
hospitals. One of the most renowned ranking systems 
is the ‘Best Hospitals Honor Roll’, introduced by the 
U.S. News & World Report in 1990 [1]. This system, 
designed to assist patients in identifying superior medi-
cal centers and physicians across the United States, 
was established based on patient outcomes, patient 
experiences, medical technology, specialty reputation 
(derived from physician surveys), and other health-
related indicators. However, the inherent complexity of 
this ranking system often leads to conflicting standings 
amongst various institutions [2, 3]. In China, the most 
authoritative ranking system is the ‘Chinese Hospital 
Specialist Reputation Rankings’, issued by the Institute 
of Hospital Management at Fudan University. The eval-
uations conducted under this system primarily depend 
on expert ratings and research capability, and their 
credibility hinges on the authority and professionalism 
of the experts involved [4–6]. Despite its intricate com-
putation, this system also neglects the intended audi-
ence of these rankings and lacks sufficiently objective 
evaluation standards [6, 7].

Recently, eight healthcare experts reviewed four major 
hospital rating systems and identified the following sig-
nificant issues [8]:

1.	 Comprehensiveness and representativeness of the 
data. For example, most rating systems use admin-
istrative data collected for billing rather than clinical 
purposes, and incomplete data can lead to bias in the 
assessments.

2.	 Reliability of the data. Rating systems generate their 
own data through surveys and they are not able to 
assess the validity and reliability of the data indepen-
dently.

3.	 Methods for integrating and weighting composite 
metrics vary. Different rating systems use different 
methods to calculate composite indicators, which 
causes overall scores or ratings to vary widely. In 
some cases, the choice of weights even depends on 
stakeholder perceptions.

4.	 Distorted evaluation of small hospitals. Small hos-
pitals are difficult to assess fairly with the usual per-
formance estimation methods because of their low 
capacity.

5.	 Lack of uniform peer-review. Although each rating 
system uses expert panels to some extent, the exper-
tise of the panels is uncertain and their evaluations 
are heavily influenced by the subjective thinking of 
the experts.

From the discussion above, it’s evident that while large 
and complex rating systems may seem comprehensive, 
their complexity in data collection and computation 
often hinders their effectiveness. Considering the diver-
sity among different medical systems, it is challenging 
for these rating systems to draw convincing and con-
sistent conclusions. Therefore, the ranking of hospitals 
and specialties should be straightforward and quantifi-
able. Utilizing assessment metrics that emphasize rel-
evant patient-centered information can enhance patient 
acceptance of these evaluation metrics and better define 
the concept of patient-centered quality of medical care 
[9]. For instance, Cram suggested the use of patient-cen-
tered objective indicators, such as Readmission Reduc-
tion, to measure hospital quality [10].

Many studies investigating the factors that influence 
patients’ access to medical care have identified both the 
reputation of the specialty and geographical distance as 
crucial variables affecting patient choices [11–13]. Typi-
cally, patients favor medical institutions with a higher 
reputation in their specialty and those closer in proximity 
[14]. Therefore, the scope of a specialty service is tied to 
its overall societal reputation; the higher the reputation, 
the broader the geographical origins of its patient base 
[15]. Specialties with stronger reputations draw patients 
not only from the immediate vicinity of the medical insti-
tution and the city but also from areas outside the city 
and even the province. The geographical proximity of 
the patients’ origins to the medical institution serves as 
an objective indicator of the patients’ trust in its specialty 
competencies.

Representative Points (RPs) were proposed as a tech-
nique to discretize and approximate a continuous sta-
tistical distribution [16] and have since been utilized in 
a variety of fields, such as information compression and 
transmission in signal processing [17]. Fang and He have 
applied RPs for the grouping of Chinese body sizes to 
develop clothing standards [18]. The most common type 
of RPs are the mean squared error representative points 
(MSE-RPs), which aim to minimize the mean squared 
error in relation to the original distribution. MSE-RPs 
are accomplished by segmenting the domain of the dis-
tribution into distinct intervals, each symbolized by a 
single point, known as the representative point. A unique 
characteristic of MSE-RPs is their self-consistency in 
single-peaked distributions, where the RP for each inter-
val aligns with the expected value for that interval. This 
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property allows for the application of the Lloyd-Max 
method [19–21] to calculate RPs. By iteratively adjust-
ing the interval endpoints and the expected values within 
each interval, MSE-RPs and their corresponding intervals 
can be obtained from a set of initial points.

Drawing from outpatient clinics big data, the objective 
of this paper is to introduce a novel index referred to as 
the patient regional index for assessing specialty influ-
ence using the MSE-RPs technology. Unlike conventional 
ranking methods that rely on diverse indicators and 
expert evaluations, our data-centric approach is straight-
forward to execute and comprehend, and it accurately 
represents the specialty influence from the patient’s view-
point. Consequently, it offers superior consistency and 
comparability when evaluating the specialty influence 
across various medical institutions.

Methods
Data selection and preprocessing
The Chinese healthcare system is a government-funded 
and government-administered system. In China, public 
general hospitals are typically the main healthcare insti-
tutions that provide comprehensive medical services, 
including various specialties. In this study, we utilized a 
large, comprehensive hospital in South China to demon-
strate the specific calculation process of the PRI.

From all 33 departments of this general hospital, we 
meticulously chose 16 specialties as the focus of our anal-
ysis. The selection of these specific specialties was guided 
by several factors. Firstly, they represent the hospital’s 
priority areas, reflecting the institution’s strategic focus. 
Secondly, these specialties have a well-established history 
within the hospital, indicating their enduring relevance. 
Lastly, these specialties are ubiquitous across most gen-
eral hospitals, underscoring their widespread preva-
lence. It’s important to note that certain departments, 
such as the Emergency and Intensive Care Department, 
were deliberately omitted from our selection due to their 
unique patient demographics. As a result, the data set 
was collected from the outpatient registration records 
spanning 16 departments such as Pediatrics and Urology. 
Covering the period from 2014 to 2021, the dataset com-
prised a total of 10,098,024 visit records.

We began data processing by converting all patients’ 
origins in the database into latitude and longitude coor-
dinates, where the patient regional information was 
extracted from the address and telephone number in the 
patients’ visit records. To achieve this, we utilized the 
Baidu Open Platform’s geocoding Application Program-
ming Interface (API), which enabled us to convert text 
addresses into their corresponding latitude and longitude 
coordinates. When we encountered invalid addresses, 
such as blank fields or unrecognizable entries, we turned 

to the phone module in Python to extract area informa-
tion from the patients’ phone numbers. Instances where 
data lacked both a valid address and a valid phone num-
ber were classified as invalid.

We then employed the Python library ‘geopy’ to com-
pute the distance from each patient’s origin to the hos-
pital, using the latitude and longitude coordinates. All 
coordinates were maintained to four decimal places, 
adhering to the default WGS-84 model. Upon calcula-
tion, 229 distances exceeding 5,000  km were identified. 
These were excluded from the analysis as they did not 
align with reality. Ultimately, we were left with 10,097,795 
valid distances, which were further employed for estimat-
ing the baseline distance distribution and calculating the 
patient regional index (PRI).

Patient regional index
After segmenting the distances from patients’ origins to 
the healthcare institution into several intervals, the PRI 
is then constructed by weighting the quantity (or propor-
tion) of patients in each interval, inversely proportionate 
to the distance.

In this paper, we apply the theory of MSE-RPs to derive 
an optimal partition for the statistical distribution of dis-
tances, which allows us to determine the corresponding 
weights for each interval. Our initial step involves estab-
lishing a baseline distribution for these distances.

Fitting the baseline distance distribution
Considered that the majority of patients come from 
nearby areas, the likelihood of a patient traveling from a 
remote location is comparatively low. As such, the distri-
bution of distances should exhibit right-skewness. There-
fore, the two-parameter Gamma distribution Ga(αβ) 
serves as an appropriate model to characterize the dis-
tribution of distances from patients’ residences to the 
healthcare institution.

Utilizing R 4.0.4, we fitted the baseline distance dis-
tribution Ga(α,β) using all valid distances from patients’ 
origins to the hospital. The maximum likelihood esti-
mation yielded parameter estimates of α̂=0.1954 and β
=0.0014. Figure 1 illustrates the distance distribution as 
a histogram, superimposed with the probability density 
curve for Ga(0.1954,0.0014). From Fig. 1 we see that the 
fitted Gamma distribution effectively captures the right-
skewed nature of the distance distribution. This distribu-
tion indicates that the majority of visits originate from 
areas in close proximity to the hospital, with the fre-
quency of visits significantly decreasing as the distance 
increases. Therefore, Ga(0.1954,0.0014) will serve as the 
baseline distance distribution for future partitioning and 
weighting.
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Partitioning the baseline distance distribution
According to the theory of MSE-RPs [18], for a con-
tinuous distribution F(x) defined on [c, d] , the k repre-
sentative points y =

{
y1, y2, · · · , yk

}
 , the corresponding 

k intervals �={� 1,� 2, · · · ,� k } and their respective 
probabilities P = { P1,P, · · · ,Pk } can be derived by mini-
mizing MSE below:

where f (x) is the probability density function of F(x). 
Naturally, the interval � iassociated with yi is its inter-
val of integration. The cumulative probability pi for each 
interval is given by

Figure  2 illustrates the distance intervals obtained 
from the partition of a right-skewed Gamma distribu-
tion, specifically for k = 6.

In this study, we used the Lloyd-Max method [19] 
to generate six representative points, along with their 
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corresponding intervals and cumulative probabilities, 
from the baseline distance distribution Ga(0.1954,0.0014). 
These are listed in Table 1.

Calculating the patient regional index
Adhering to the principle that greater distances should 
be assigned higher weights, we define the weight wi of the 
ith distance interval to be inversely proportional to the 
probability pi , that is, wi ∝

1
pi

 . To ensure the sum of all 
weights equals 1, i.e., 

∑
wi = 1 , the weight of the ith dis-

tance interval is assigned as below:

Following the probabilities of each interval provided 
in Table 1, the weights for these distance intervals were 
computed in accordance with Eq. (1) and are presented in 
the last row of Table 1.

Given the proportions of patients’ origins distributed 
across these k distance intervals r1, r2, · · · , rk , the patient 
regional index (PRI) is then defined as the weighted aver-
age of the patients’ geographical distribution:

(1)wi =

1
pi∑
k
i=1

1
pi

, i = 1,2, · · · , k .

(2)PRI =
∑

k
i=1wiri.

Fig. 1  Baseline distribution of the distances between the patients’ origin and the hospital
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Since the distribution of patients’ origins varies across 
departments, the PRI scores derived from Eq. (2) will dif-
fer for different departments. Generally, a department 
will have a higher PRI score if it attracts a larger propor-
tion of patients from more distant regions.

Finally, we provide a summary of the process used to 
construct the PRI from outpatient clinics data:

Step 1: Transform patient origin data into respective 
distances from the healthcare institution.
Step 2: Establish the baseline distribution for the pop-
ulation of distances.
Step 3: Obtain representative intervals and their asso-
ciated probabilities from the baseline distribution.
Step 4: Determine the PRI for a specific specialty as 
a weighted average of the proportions of its patients 
within each representative interval.

Given that the PRI scores derived in the aforemen-
tioned manner were numerically small, we adopted the 
average PRI scores from 2017 as a benchmark, setting 
this score at 100. Subsequently, each PRI was adjusted as:

For the sake of simplicity, in the remaining sections 
of this paper, any mention of the PRI will refer to the 
adjusted PRI.

 A two‑dimensional assessment model
The calculation of the PRI, as described above, primar-
ily relies on the proportion of patients from different 
distances rather than their absolute numbers. This is 
because the number of patients can significantly vary 
from one department to another due to the unique char-
acteristics of each specialty. For instance, in densely 
populated cities, pediatrics typically sees a larger patient 
volume, while some specialties like orthopedics primarily 
cater to a smaller population with physical deformities, 
resulting in fewer outpatient visits. By basing the PRI on 
proportions rather than total numbers, we can evaluate 
the regional influence of a specialty while mitigating the 
impact of the specialty’s inherent attributes.

Adjusted PRI =
PRI

PRI2017
× 100.

Fig. 2  Six distance intervals for a right-skewed Gamma distribution

Table 1  Representative points, associated intervals, cumulative probabilities, and corresponding weights derived from the baseline 
distance distribution Ga(0.1954,0.0014)

y 17.8859 223.6800 539.6046 995.1722 1683.3197 2911.3003

� [0, 120.7830) [120.7830, 381.6423) [381.6423, 767.3884) [767.3884, 1339.2460) [1339.2460, 2297.3100) [2297.3100, 5000)

P 0.7566 0.1363 0.06302 0.0296 0.0117 0.0027

W 0.0026 0.01432 0.0310 0.0659 0.1663 0.7199
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Nevertheless, it’s crucial to recognize that the volume 
of outpatient visits serves as a significant measure of a 
specialty’s proficiency, reflecting aspects such as patient 
demand, quality of care, efficiency, and capacity, among 
others. Hence, a two-dimensional assessment frame-
work, leveraging outpatient big data, that incorporates 
both patient regional distribution and outpatient volume 
can provide a more comprehensive evaluation of a spe-
cialty’s influence. Figure  3 briefly illustrates a schematic 
diagram of this joint assessment model for specialty 
influence based on outpatient big data.

Results
We calculated the PRI for each of the 16 specialties 
of interest over eight consecutive years. This calcula-
tion involved a weighted average of the proportions of 
patients from six distance intervals for each specialty, 
which we summarized annually. The proportions were 
weighted according to Eq. (2), using the weights specified 
in Table 1.

PRI trends amid healthcare reform and pandemic
Figure 4 illustrates the changes in the PRI across 16 spe-
cialties within the hospital from 2014 to 2021. For com-
parative analysis, we categorized the 16 specialties into 
two groups: non-surgical and surgical departments. 
The non-surgical departments included pediatrics, 
nuclear medicine, dermatology, endocrinology, tra-
ditional Chinese medicine, cardiovascular medicine, 
rheumatology, and respiratory medicine. The surgi-
cal departments comprised gynecology and obstetrics, 
urology, hepatobiliary and pancreatic surgery, breast 
surgery, ENT (ear-nose-throat), plastic surgery, ortho-
pedics, and oncology.

Figure 4 reveals a gradual increase in the PRI for each 
specialty over time, reflecting the hospital’s develop-
ment and diversification of its patient origin. This trend 
was particularly noticeable in the surgical departments, 
implying a growing regional influence and suggesting 
higher patient loyalty compared to non-surgical depart-
ments. It indicates that once patients recognize a hospi-
tal’s specialty, they are willing to travel longer distances 
for treatment.

However, we observed a decrease in the PRI for most 
specialties post-2017. This decline can be attributed 
to healthcare reforms initiated by the Chinese govern-
ment in 2017, which encouraged patients with common 
diseases to seek initial treatment at primary healthcare 
institutions. This policy led to a significant reduction in 
out-of-town patients visiting this comprehensive hospi-
tal [22, 23].

Additionally, the COVID-19 outbreak at the end of 
2019 restricted people’s mobility, creating a noticeable 
inflection point in 2020 for the PRI of certain hospi-
tal specialties, especially surgical ones. Following the 
Chinese government’s control of the epidemic, patient 
mobility was restored, and the PRI of all specialties 
showed a significant rebound. Thus, the fluctuation in 
the PRI effectively mirrors the impact of China’s health-
care reform and the COVID-19 pandemic on specialty 
outpatient clinics.

Specialties overview using the joint assessment model
Beyond the scope of patient origin, the volume of out-
patient visits in the outpatient information system, is 
another important metric of the proficiency of hospi-
tal specialties. This volume serves as a broad indicator 
of the scale of the specialty, the standard of medical 
technology, the efficiency of outpatient management, 

Fig. 3  A joint assessment model of specialty influence based on outpatient big data
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and the extent of patient trust in the hospital [24]. For 
the purpose of comparison, the average number of 
outpatient visits per specialty in 2017 was utilized as a 
benchmark and assigned a score of 100. The number of 
visits per specialty was then adjusted as follows:

Figure  5 illustrates the shift in the number of visits 
to nonsurgical and surgical specialties in this hospital 
from 2014 to 2021. Among the nonsurgical specialties, 
pediatrics, Chinese medicine, dermatology, and endo-
crinology observed considerably higher outpatient vol-
umes compared to the remaining four departments. 
Notably, there was a significant downturn in the volume 
of pediatric outpatients in 2020, a trend likely attribut-
able to the effects of the pandemic. In the realm of sur-
gical departments, gynecology and obstetrics were the 
most profoundly impacted by the pandemic, while the 
number of visits to other surgical departments showed 
a tendency to rise, rather than decline, in 2020. This 
trend underscores the resilience and capacity of this 
hospital’s specialties during challenging times.

By integrating the patients’ origin with outpatient vol-
ume, we could deliver a more holistic perspective on the 
strengths and unique features of the hospital’s various 
specialties. Figure  6 depicts a two-dimensional distri-
bution in terms of the PRI and the adjusted outpatient 

Adjusted Outpatient Amount =
Outpatient Amount

Outpatient Amount2017
× 100.

volume for 16 specialties within this large comprehensive 
hospital over an eight-year span. Identical symbols were 
employed to represent the same specialty values across 
different years.

Using the two-dimensional assessment model illus-
trated in Fig. 6, we broadly classified the hospital special-
ties into four primary categories. Category I encompasses 
specialties that demonstrate excellence through high 
outpatient volume and significant social influence. This 
category includes nonsurgical specialties such as Derma-
tology, and surgical specialties such as Gynecology and 
Obstetrics, which boasted an adjusted outpatient volume 
of approximately 150 or higher, and a PRI around 100. In 
fact, according to the ‘China Hospital and Specialty Rep-
utation Ranking’, the Gynecology and Obstetrics depart-
ment of this hospital holds the 2nd position in South 
China, affirming its superior specialty status.

Category II comprises specialties that, despite a smaller 
number of outpatient visits, maintain a high social rep-
utation and attract patients from diverse regions. The 
Urology and Orthopedics departments fall under this 
category, with a PRI of 125 or above. These specialties are 
highly specialized, attracting a significant number of out-
patients from distant locations.

Category III refers to specialties with a high outpa-
tient volume, primarily serving local residents, and dem-
onstrating robust operational capacity. The Pediatrics, 
Chinese Medicine, and Cardiovascular departments are 

Fig. 4  Comparison of the PRI of specialties in a large comprehensive hospital, 2014–2021
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Fig. 5  Comparison of the outpatient volume of specialties in a large comprehensive hospital, 2014–2021

Fig. 6  Joint assessment of the specialties in a large comprehensive hospital, 2014–2021
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included in this category, enjoying a strong reputation 
among local residents.

Lastly, Category IV includes specialties with smaller 
volumes, primarily serving local patients. The Nuclear 
Medicine and Rheumatology departments, due to the 
nature of their specialties, had a smaller volume of visits 
and an intermediate PRI.

We further selected Gynecology and Obstetrics (2017), 
Pediatrics (2019), Urology (2021), and Oncology (2014) 
as representatives of these four categories. We then 
generated a heat map detailing the distribution of their 
patients’ origins (Fig. 7). This heat map confirms that the 
dual indicators of the PRI and outpatient volume can 
effectively capture the unique characteristics of each spe-
cialty department. For instance, the Department of Gyne-
cology and Obstetrics enjoyed an outstanding reputation, 
attracting patients not only from Southern China but also 
in large numbers from Central and Eastern China. Some 
patients even traveled from as far as Northeast China. 
In comparison to Pediatrics, the Urology department, 
despite its smaller total patient visits, had a significantly 
broader geographical reach for its patient origins. Conse-
quently, Urology’s PRI was substantially higher than that 
of Pediatrics. In contrast, the Oncology department in 
2014 was still in its nascent stages of development within 
the hospital. Its patients primarily resided in the hospi-
tal’s immediate vicinity, resulting in both its PRI and out-
patient volume being relatively low.

Conclusion
In this study, we developed a novel Patient Regional Index 
(PRI) to assess the influence of hospital specialties based 
on the statistical distribution of patient origins. By ana-
lyzing 10,097,795 outpatient records from a large com-
prehensive hospital in South China, we demonstrated 
that the PRI effectively captures the impact of significant 
healthcare events, such as the 2017 Chinese healthcare 
reforms and the 2020 COVID-19 pandemic. We also 
introduced a two-dimensional model that combines PRI 
with outpatient volume to provide a comprehensive char-
acterization of various specialties. Based on the case study 
we have presented and discussed earlier, we wish to high-
light the distinct advantages of the PRI as follows:

1.	 Accessibility of data: The dataset employed is 
straightforward and easily accessible. The method-
ology relies only two simple indicators (i.e., regional 
patient origins and outpatient volume), which can be 
readily collected from a hospital’s outpatient system.

2.	 Objective Weighting: The weighting of distance inter-
vals is determined by the statistical distribution of 
the data and relevant statistical theories, not by the 
subjective perceptions of stakeholders.

3.	 Patient-Centric Robustness: This index is robust and  
reliable as it reflects the choices of patients. It is a compos-
ite of the independent behavior of a substantial number of 
patients, rather than the subjective opinions of experts.

Fig. 7  Heat maps illustrating the distribution of patient origins across different specialty types. ‘OA’ denotes the adjusted outpatient volume
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4.	 Unbiased by Specialty Capacity: The PRI is calculated 
using the proportion of patients from each regional 
interval rather than the total number of patients. 
This approach mitigates the distortion of other per-
formance assessment methods for specialties with 
smaller volumes, thereby maximizing the fairness of 
the evaluation.

5.	 Ease of Understanding and Implementation: The 
assessment of specialty influence based on patient 
origins is easy to understand and implement. There-
fore, it can be easily extended to evaluate the influ-
ence of an entire hospital, to allow for rankings and 
comparisons between different hospital specialties, 
ensuring consistent results.

Although our study is preliminary, it offers innovative 
ideas for effectively using big data from outpatient clin-
ics to assess and rank hospital specialties. Compared with 
existing mainstream evaluation methods, which are often 
complex, our method is straightforward, easy to imple-
ment, and replicable, providing consistent conclusions. 
Therefore, our proposed assessment method can provide 
a meaningful reference that complements the existing 
evaluation systems.

Limitations
This study was confined to calculating and comparing 
the influence of a single hospital across various special-
ties and years due to data limitations. While outpatient 
big data is readily available within individual hospitals, 
obstacles persist in sharing this data across different 
institutions. The implementation of advanced data pri-
vacy technology is necessary to overcome these barriers, 
and that is the focus of our upcoming work.

Moreover, since the PRI is entirely reliant on outpatient 
data, there may be potential distortions for certain spe-
cialties. For instance, with the growth of the hospital, our 
study noted that the oncology department began to draw 
patients from an increasingly broader geographical range 
(PRI > 100). However, it was observed that a significant 
number of these patients were not attracted to the hos-
pital due to the reputation of the oncology specialty per 
se, but rather due to the need for subsequent treatment 
in the radiation and chemotherapy clinics of the oncology 
department following surgeries from other specialties. 
As such, it is crucial to meticulously scrutinize patient 
origins when evaluating specific specialties using our 
method.
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