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Abstract

Background: Long waits, registration bottlenecks, and

diagnostic delays remain stubborn features of everyday

hospital life, and they wear on patients and staff alike.

Whether queueing theory and data-driven analytics are

actually understood, together, as a workable remedy by

the people who use these systems is less well

documented. Methods: We carried out a cross-sectional

survey of 185 healthcare service users recruited through

purposive and convenience sampling across outpatient

and diagnostic settings in the United States. A structured,

five-point Likert questionnaire captured perceived causes

of flow inefficiency, waiting-time experience, and attitudes

toward queueing-based and analytics-based interventions;

descriptive statistics and Pearson correlation analysis

were used to examine relationships among flow delay,

waiting time, and adoption of these two approaches.

Results: Registration delay (76.2%) and diagnostic delay

(75.2%) emerged as the most frequently cited drivers of

inefficiency, followed closely by staff shortages (74.6%)

and scheduling weaknesses (74.0%). Flow delay

correlated positively with waiting time (r = 0.68), while both

queueing theory and analytics adoption correlated

negatively with delay and waiting time (r = -0.61 to -0.64,

and r = -0.57 to -0.59, respectively); the two approaches

were themselves strongly associated (r = 0.72).

Significance | Integrating queueing theory with data-driven analytics offers

healthcare administrators a practical, evidence-based route to shorter waits.
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Conclusion: Respondents' experience suggests that

queueing theory and data-driven analytics are not

competing tools but complementary ones, and that

hospitals stand to gain more from combining them than

from pursuing either in isolation.
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1. Introduction

Anyone who has sat in a crowded outpatient waiting room,

watching the clock while a queue barely seems to move,

has an intuitive sense of what this paper is about. Patient

flow, the term researchers use for how people move

through registration, consultation, diagnostics, and

discharge, has become one of the more persistent

headaches in health service management, and not for lack

of attention (Akenroye et al., 2023). When that movement

stalls, the consequences are not merely inconvenient.

Patients wait longer than they should, hospitals become

crowded beyond what their physical layout can

comfortably absorb, and the quality of care that ultimately

gets delivered tends to suffer as a result (Bakker & Tsui,

Journal of Primeasia Research Article

https://doi.org/10.25163/primeasia.6110837 1–11 | Journal of Primeasia | Published online April 14, 2025



2017). Perhaps unsurprisingly, the frustration is not one-

sided; clinicians and administrative staff report similar

strain, caught between rising operational costs, tightening

resources, and patients who are, understandably, growing

less patient (Feng et al., 2021).

Much of the operat ions-research l i terature has

approached this problem through queueing theory, a

mathematical framework that, at its core, tries to describe

how arrivals, services, and delays interact within a system

(Wang & Liu, 2021). It is not a new idea, and it is not

exotic; anyone who has stood in a bank line has lived it.

What queueing models offer healthcare administrators,

though, is a way to see bottlenecks before they become

crises, to anticipate where a system will strain under load,

and to reallocate staff or space accordingly (Hu et al.,

2021). This kind of forecasting has proven especially

useful in emergency departments, outpatient clinics, and

diagnostic units, precisely because these are the settings

where patient arrivals are hardest to predict and easiest to

underestimate (Van Hulzen et al., 2021).

At more or less the same time, a rather different toolkit has

been gaining ground: data-driven analytics, built on the

growing availability of electronic health records and real-

time monitoring infrastructure (Manktelow et al., 2022).

Where queueing theory offers a formal, somewhat

abstract model of how a system behaves, analytics offers

something more immediate, a live read on what is actually

happening on the floor right now, and, increasingly, a

forecast of what is likely to happen next (Tavakoli et al.,

2022). Paired with predictive algorithms, these systems

have started to reshape how hospitals schedule staff and

allocate beds, often catching problems that a purely

theoretical model might miss (Fan et al., 2019). In a

country like the United States, where patient volumes are

large, providers numerous, and digital systems frequently

sit in silos rather than talking to one another, this kind of

visibility is not a luxury so much as a necessity (He et al.,

2018). Emergency departments in particular continue to

report overcrowding severe enough to compromise both

safety and efficiency (Hu et al., 2017), while outpatient

scheduling remains, in many settings, more art than

science, with appointment patterns that work against

rather than with available capacity (Ahsan et al., 2019).

Digital solutions have been rolled out to address these

gaps, admittedly, but adoption alone has rarely been

sufficient; without a strategic framework tying technology

to underlying theory, the improvements tend to be partial

at best (Bard et al., 2014).

What is somewhat curious, given how much attention

each method has separately received, is how rarely they

have been studied together. Prior work has shown that

queueing theory alone can trim waiting times by a modest

but meaningful five to nine percent when properly applied

(Li et al., 2021), and data-driven analytics has, on its own

terms, earned a reputation for sharpening forecasting and

resource decisions (Zhai et al., 2022). Yet the bulk of this

literature treats the two as parallel tracks rather than an

integrated system (Wartelle et al., 2022), a divide that, by

most accounts, has kept healthcare organizations from

realizing whatever additional benefit their combination

might offer (Tao & Liu, 2019).

This study, then, sets out to address that gap directly,

examining whether and how queueing theory and data-

driven analytics, considered together rather than apart,

might be used to optimize patient flow across healthcare

settings. In doing so, it aims to give administrators

something more actionable than either framework offers

alone: a clearer sense of where the two genuinely

reinforce one another, and a modest, evidence-grounded

case for treating them as complementary investments

rather than competing priorities.

2. Materials and Methods

2.1 Study Design

This study used a cross-sectional, quantitative survey

design, chosen mainly because it allowed us to capture a

broad snapshot of user experience and perception across

several healthcare touchpoints, registration, consultation,

and diagnostics, within a single, manageable data

collection window (Ghanbari et al., 2022). We are aware

that a cross-sectional design cannot, on its own, establish

causal direction; that limitation is addressed explicitly in

the Discussion, but it is worth flagging here as well, since

it shapes how the methodology that follows should be

read.

2.2 Setting and Eligibility Criteria

Data were collected from adult healthcare service users in

the United States who had, within the twelve months

preceding the survey, attended an outpatient clinic or

diagnostic facility for a scheduled visit. Eligible participants

were 18 years of age or older, had at least one

documented encounter involving registration and either a

consultation or a diagnostic procedure, and were able to
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complete a self-administered questionnaire in English,

either online or on paper. Individuals were excluded if their

only healthcare contact during the recall period was an

emergency department visit unaccompanied by a

scheduled outpatient encounter, since the flow dynamics

of emergency care differ meaningfully from the scheduled-

visit pathways this study was designed to examine.

2.3 Sample Size and Sampling Strategy

A total of 185 participants were recruited using a

combination of purposive and convenience sampling,

purposive in the sense that we deliberately sought

respondents with recent, direct experience of outpatient

registration and diagnostic pathways, and convenience in

that recruitment relied on accessible clinic waiting areas

and online distribution channels rather than a formal

probability frame. We recognize this is a limitation rather

than a strength, and it is one reason the correlational

findings reported later should be treated as indicative

rather than definitive; a post hoc sensitivity check

suggested the sample was adequately powered to detect

correlations of moderate size (r  0.20) at  = 0.01, which is

the threshold applied throughout the analysis.

2.4 Instrument Development and Data Collection

Data were gathered using a structured questionnaire built

specifically for this study, drawing on item constructs

adapted from prior patient-flow and health-services survey

instruments (Ghanbari et al., 2022). The instrument

opened with demographic items (gender, age band, and

education level), followed by sections addressing

perceived causes of patient flow inefficiency (registration

delay, diagnostic delay, staff shortage, scheduling

weakness, and digital infrastructure gaps), self-reported

waiting-time experience, and attitudinal items concerning

queueing-theory-based interventions and data-driven

analytics adoption. All attitudinal items used a five-point

Likert scale ranging from strongly agree to strongly

disagree. Before full deployment, the questionnaire was

piloted with a small group of respondents not included in

the final sample, to check item clarity and completion time;

wording was adjusted slightly based on that feedback.

Internal consistency of the Likert-scaled subscales was

assessed using Cronbach's alpha, and only subscales

meeting a conventional threshold of acceptability (  0.70)

were retained in their original form. Data collection ran

through both online (web-based survey platform) and in-

person (paper-based, later  d ig i t ized) channels

concurrently, over a defined recruitment period, to improve

accessibility across respondents with differing digital

access (Gombolay et al., 2017).

2.5 Analytical Framework: Queueing Theory Parameters

To ground the survey items conceptually, the study drew

on standard queueing-theory constructs, principally arrival

rate () and service rate (), which together describe

expected customer wait time and system load, as

summarized in Equation 1 (Konrad et al., 2013; Back et

al., 2021). Average wait time (W) and system load (L)

served as the conceptual anchors against which

respondents' perceived waiting experiences were

interpreted, consistent with prior applications of these

metrics in healthcare operations research examining

service capacity under variable demand (Ortíz-Barrios &

Alfaro-Saíz, 2020; Baron, 2021). Combining this

theoretical scaffolding with respondent-level survey data

allowed the analysis to connect a formal operations-

research lens with lived, self-reported experience, rather

than relying on either in isolation (Zhang et al., 2018).

2.6 Statistical Analysis

Data were analyzed using both descriptive and inferential

statistics. Frequencies and percentages summarized

demographic characteristics and categorical responses.

Likert-scale responses concerning queueing theory and

analytics adoption were summarized descriptively

(percentage agreement across response categories) and,

where relevant, treated as ordinal variables (Bae et al.,

2017). Pearson correlation analysis was used to examine

relationships among flow delay, waiting time, queueing

theory effectiveness, and analytics adoption (Equation 2),

with statistical significance set at p < .01 (Luo et al., 2019).

This threshold was chosen deliberately, rather than the

more conventional p < .05, to guard against over-

interpreting weak associations given the sample size and

self-report nature of the data (Xu et al., 2018). All analyses

were conducted using standard statistical software;

specific package and version details, along with the full

survey instrument and de-identified dataset, are available

from the corresponding author upon reasonable request,

in keeping with reproducibility expectations for survey-

based health services research (Hurwitz et al., 2014).

2.7 Ethical Considerations

Participation was voluntary, and informed consent was

obtained from all respondents prior to survey completion.
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Responses were collected anonymously, with no

identifying information retained in the final dataset.

3. Results

3.1 Demographic Characteristics of Respondents

The final sample comprised 185 respondents, whose

demographic profile is summarized in [Table 1]. Men

made up a slightly larger share of the sample (55.1%, n =

102) than women (44.9%, n = 83), a split close enough to

balanced that it is unlikely to have meaningfully skewed

the attitudinal findings reported below. Respondents

skewed toward early-to-mid adulthood: those aged 26–35

formed the largest single group (34.1%), followed by the

36–45 band (25.9%) and the 18–25 band (22.2%), with

older adults contributing smaller shares (11.4% for 46–55,

and 6.5% for those over 55). Educational attainment was

fairly evenly spread across levels, with a plurality holding a

bachelor's degree (34.1%), followed by higher secondary

(28.1%), secondary (20.5%), and master's or higher

(17.3%). Altogether, this is a sample weighted toward

younger, moderately educated adults, a point worth

keeping in mind when considering how far these findings

might generalize to older or less digitally engaged patient

populations.

3.2 Perceived Causes of Patient Flow Inefficiency

Respondents were fairly consistent in what they identified

as the main drags on patient flow [Figure 1]. Registration

delay topped the list, cited by 76.2% of respondents as a

contributing factor, with diagnostic delay close behind at

75.2%. Staff shortage (74.6%) and digital infrastructure

gaps (74.6%) tied for third, and scheduling weakness

followed closely at 74.0%. The narrowness of this spread,

roughly two percentage points separating the top and

bottom drivers, suggests these are not competing

explanations so much as overlapping ones; most

respondents appear to experience flow inefficiency as a

compound problem rather than a single point of failure,

which itself has implications for how any single

intervention is likely to perform in isolation.

3.3 Patient Waiting Time Distribution

Self-reported waiting times, summarized in [Figure 2],

were similarly spread rather than concentrated at one

extreme. Just over a quarter of respondents (27.0%)

reported waits under 30 minutes, while a comparable

share (27.6%) reported waits of 31–60 minutes, making

this the single most common band. A further 21.1% waited

61–90 minutes, and a notable 24.3% reported waits

exceeding 90 minutes, a proportion large enough to

suggest that extended waiting is not a rare outlier

experience but a fairly routine one for roughly a quarter of

this sample.

3.4 Queueing Theory Impact on Healthcare Efficiency

Attitudes toward queueing-theory-based interventions

were consistently favorable across all six measured

outcomes [Table 2]. Combined agreement (strongly agree

plus agree) exceeded 65% for every item, peaking with

the perceived reduction in waiting time (34.6% strongly

agree, 43.7% agree) and extending through improved staff

ut i l izat ion (74.1% combined), enhanced pat ient

satisfaction (72.8% combined), reduced overcrowding

(70.5% combined), improved service quality (69.8%

combined), and better resource allocation (68.9%

combined). The consistency across these six rather

different outcome domains, rather than strength on just

one or two, is arguably the more notable finding here; it

suggests respondents view queueing-based approaches

as broadly, rather than narrowly, beneficial.

3.5 Data-Driven Analytics in Healthcare

A similar, if slightly stronger, pattern emerged for data-

driven analytics [Table 3]. Perceived improvement in

efficiency drew the highest combined agreement (84.3%),

followed closely by real-time dashboard access (83.8%),

decision support (83.3%), patient flow prediction (81.1%),

resource planning (81.0%), and congestion reduction

(79.5%). That analytics items outperformed queueing-

theory items across every comparable outcome domain is

worth noting, though it likely reflects, at least in part, the

more tangible and visible nature of dashboards and real-

time monitoring tools compared with the somewhat more

abstract logic of queueing models.

3.6 Correlation Analysis

The Pearson correlation matrix [Figure 3] offers a

reasonably coherent picture of how these variables relate

to one another. Flow delay and waiting time were

positively and fairly strongly associated (r = 0.68, p < .01),

which is more or less what one would expect and serves

mainly as a validity check on the data. Queueing theory

adoption correlated negatively with both flow delay (r = -

0.61, p < .01) and waiting time (r = -0.64, p < .01), while

data-driven analytics adoption showed a similar, slightly

weaker pattern (r = -0.57 and r = -0.59 respectively, p <
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Figure 1. Perceived causes of patient flow inefficiency among healthcare service users (N = 185). Bars represent the percentage of

respondents identifying each factor — registration delay, diagnostic delay, staff shortage, scheduling weakness, and digital

infrastructure gaps — as a contributor to patient flow inefficiency. Respondents could endorse more than one factor; percentages

therefore do not sum to 100%.
 

 

 

 
Figure 2. Distribution of self-reported patient waiting times (N = 185). Bars show the percentage of respondents reporting waiting times

within each of four categorical bands (<30, 31–60, 61–90, and >90 minutes), based on self-reported experience during their most

recent outpatient or diagnostic visit.
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Figure 3. Pearson correlation matrix of flow delay, waiting time, queueing theory adoption, and data-driven analytics adoption (N =

185). Cell values denote Pearson correlation coefficients (r) between pairs of study variables; color intensity reflects the strength and

direction of association (darker shading indicating stronger association). All correlations shown were statistically significant at p < .01.

Positive values indicate a direct relationship; negative values indicate an inverse relationship.
 

 

 
Table 1. Demographic characteristics of survey respondents (N = 185). Values are presented as frequency (n) and percentage (%) of

the total sample. Age is reported in five categorical bands (18–25, 26–35, 36–45, 46–55, and >55 years). Education level reflects

respondents' highest completed qualification at the time of survey completion (secondary, higher secondary, bachelor's, or master's

degree and above). Percentages are calculated within each demographic variable and may not sum to exactly 100% due to rounding.
 

Variable Category Frequency (n) Percentage (%)

Gender Male 102 55.1

Female 83 44.9 Age

18–25 41 22.2 26–35

63 34.1 36–45 48

25.9 46–55 21 11.4

>55 12 6.5 Education

Secondary 38 20.5 Higher Secondary

52 28.1 Bachelor 63

34.1 Master and Above 32 17.3
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Table 2. Respondent perceptions of queueing theory's impact on healthcare efficiency, by outcome domain (N = 185). Values

represent the percentage of respondents selecting each response category on a five-point Likert scale (strongly agree, agree, neutral,

disagree, strongly disagree) for six outcome statements concerning queueing-theory-based interventions. Combined agreement was

calculated as the sum of "strongly agree" and "agree" responses. Row totals sum to 100% across response categories, subject to

rounding.
 

 

 
Table 3. Respondent perceptions of data-driven analytics in healthcare, by outcome domain (N = 185). Values represent the

percentage of respondents selecting each response category on a five-point Likert scale (strongly agree, agree, neutral, disagree,

strongly disagree) for six outcome statements concerning data-driven analytics adoption. Combined agreement was calculated as the

sum of "strongly agree" and "agree" responses. Row totals sum to 100% across response categories, subject to rounding.
 

Outcome Strongly Agree Agree Neutral Disagree Strongly Disagree

Reduces waiting time 34.6 43.7 12.4 6.5 2.8

Improves staff
utilization 30.8 43.3 14.0 8.1 3.8

Enhances patient
satisfaction 29.7 43.1 15.1 8.1 4.0

Reduces
overcrowding 28.6 41.9 16.2 9.2 4.1

Improves service
quality 27.9 41.9 17.0 8.6 4.6

Better resource
allocation 26.5 42.4 17.8 9.2 4.1

Statement Strongly Agree Agree Neutral Disagree Strongly Disagree

Improves efficiency 40.5 43.8 9.7 4.3 1.7

Real-time
dashboards 39.4 44.4 10.3 4.3 1.6

Decision support 38.3 45.0 10.3 4.9 1.5

Predict patient flow 36.8 44.3 11.4 5.4 2.1

Resource planning 36.2 44.8 11.4 5.4 2.2

Reduce congestion 35.1 44.4 12.4 5.4 2.7
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.01). Perhaps the most practically interesting result is the

strong positive correlation between queueing theory and

analytics adoption themselves (r = 0.72, p < .01), which

suggests these are not independent choices hospitals

make but tend to travel together, whether because

organizations that adopt one are more operationally

sophisticated generally, or because the two genuinely

reinforce each other in practice; the present data cannot

fully distinguish between these explanations.

4. Discussion

Read as a whole, these findings support what is,

admittedly, a fairly intuitive proposition: patient flow

problems in healthcare settings rarely trace back to a

single cause, and the people living through them seem to

recognize this. Registration delay, diagnostic delay, staff

shortage, scheduling weakness, and digital infrastructure

gaps were all cited by roughly three-quarters of

respondents [Figure 1], a clustering that echoes prior work

describing hospital overcrowding as an emergent property

of multiple, interacting departmental inefficiencies rather

than a single bottleneck (Rad et al., 2022). Clinicians and

administrative staff in this sample viewed queueing theory

favorably as a lever for operational improvement

(Devapriya et al., 2015), reporting perceived gains in

waiting time reduction (78.3%), staff utilization (74.1%),

patient satisfaction (72.8%), reduced overcrowding

(70.5%), service quality (69.8%), and resource allocation

(68.9%). Queue-based planning, on this evidence, looks

like a genuinely implementable lever for hospitals rather

than a purely academic exercise, offering a way to

manage demand and capacity together rather than

treating them as separate problems (Feng & Jie, 2023);

what health systems seem to need, more than a new

theory, is a structured framework for translating that logic

into day-to-day operational decisions (Zhong et al., 2017).

The analytics side of the picture tells a broadly similar

story, if anything slightly more emphatic. Respondents

credited data-driven systems with strong gains in

operational efficiency (84.3%), real-time dashboard

visibility (83.8%), decision support (83.3%), flow prediction

(81.1%), resource planning (81.0%), and congestion

reduction (79.5%), a pattern consistent with the broader

literature on analytics-enabled healthcare performance

(Uslu et al., 2020). Digital infrastructure, in other words,

appears to let organizations see their own operations in

something closer to real time, tracking not just overall

volume but the specific points where flow tends to break

down (Fathi & Khakifirooz, 2019). The correlational results

reinforce this reading: longer waits at a given service point

were, unsurprisingly, associated with slower downstream

flow (Su et al., 2010), and both queueing theory and

analytics adoption were negatively associated with flow

delay and waiting time (r = -0.61 and -0.64 for queueing

theory; r = -0.57 and -0.59 for analytics), broadly

consistent with prior findings on the efficiency gains

attributable to data-enabled patient-flow management (Li

et al., 2021).

What stands out most, though, is the strong association

between queueing theory and analytics adoption

themselves (r = 0.72), a relationship that, to our

knowledge, has not been given much direct attention in

the existing literature, which has tended to study these two

approaches on separate tracks. Registration and

diagnostic bottlenecks, in particular, seem to be exactly

the kind of chokepoints where this combination might

matter most; they create longer waits and, compounding

the problem, reduce the efficiency of everything

downstream (Nasir et al., 2020). Hospitals that pair queue-

based operational modeling with real-time analytics

infrastructure appear, at least on this evidence, better

positioned to intervene at these points than those relying

on either approach alone (Humphreys et al., 2022).

Queueing theory offers the structural logic; analytics offers

the visibility to apply it in real time (Wang & Alexander,

2020); and the practical implication, however unsurprising

it may sound, is that organizations working on one of

these fronts might get more return by working on both.

That said, this study has real limitations that temper how

far these conclusions should travel. The cross-sectional

design captures a single moment in time and cannot

establish causal direction between, say, analytics adoption

and reduced waiting time; it is equally plausible that

hospitals with already-shorter waits find it easier to

implement analytics infrastructure. The reliance on

convenience and purposive sampling, together with

entirely self-reported outcome measures, introduces the

possibi l i ty of social  desirabi l i ty bias and l imits

generalizability beyond the demographic profile described

in [Table 1]. Future work would benefit from linking survey-

based perceptions to objective operational data, such as

electronic health record timestamps for registration,

consultat ion, and discharge, and from fol lowing

organizations longitudinally as they adopt queueing-based

and analytics-based interventions, ideally in combination,
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to test more directly whether the correlational pattern

observed here reflects a genuine causal complementarity

or simply co-occurrence.

5. Conclusion

Taken together, these findings point to a fairly simple, if

not entirely new, idea: patient flow problems rarely have a

single cause, and so they are unlikely to yield to a single

fix. Registration bottlenecks, diagnostic delay, thin staffing,

and clumsy scheduling all showed up as meaningful

contributors in this sample, and queueing theory and data-

driven analytics each appeared, independently, to ease

the resulting strain. What is perhaps more useful for

practice is the strong positive association observed

between the two approaches themselves, which hints that

hospitals adopting one may be especially well positioned

to benefit from the other. Given the cross-sectional,

perception-based design of this study, these conclusions

should be read as suggestive rather than confirmatory.

Even so, they offer administrators a reasonably grounded

starting point for pairing operational modeling with real-

time data infrastructure, rather than treating the two as

separate investments competing for the same budget line.
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