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Abstract—Patient Accounting Systems (PAS) form the financial backbone of hospital Revenue Cycle Management 

(RCM), and their performance directly affects billing accuracy, claims turnaround, and patient satisfaction. Conventional 

performance testing of PAS platforms relies on tools such as LoadRunner to reactively expose bottlenecks only after a 

load threshold has already degraded response time. This paper proposes a Predictive Performance Engineering (PPE) 

framework that couples LoadRunner-driven load generation with a lightweight machine-learning forecasting layer, 

allowing resource-exhaustion events—CPU saturation, database connection-pool depletion, and queue backlogs—to be 

predicted several minutes before they manifest as user-visible latency. We describe the framework architecture, the 

workload model derived from hospital shift and end-of-month billing cycles, and a representative experimental 

evaluation contrasting a traditional reactive test cycle with the proposed predictive cycle. Results indicate that the 

predictive approach identifies impending bottlenecks earlier in the test cycle and reduces the number of full-scale load 

iterations needed to reach a stable capacity recommendation. The paper concludes with practical guidance for healthcare 

IT teams adopting predictive, AI-augmented performance testing within existing LoadRunner-based practices. 
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I. INTRODUCTION 

A Patient Accounting System (PAS) manages the complete 

financial lifecycle of patient care, from registration and charge 

capture through insurance claim submission, payment posting, 

and collections. Because PAS platforms sit between clinical 

systems (EHR) and the hospital's general ledger, their 

availability and response time under load have direct financial 

and operational consequences: a slow claims-scrubbing 

transaction during month-end batching can delay 

reimbursement by days, and a saturated database connection 

pool during a registration surge can stall patient intake at the 

front desk. 

Performance testing tools such as LoadRunner have long been 

used to simulate concurrent virtual users (Vusers) against PAS 

workflows—registration, charge entry, claims processing, and 

payment posting—to measure response time, throughput, and 

resource utilization under normal and peak load. This reactive 

model is effective at exposing bottlenecks, but it identifies them 

only after the load has already been applied and the system has 

already degraded; the test engineer then has to interpret the 

collected metrics, hypothesize a root cause, and re-run the test 

to confirm a fix. 

This paper's original contribution is to shift part of that analysis 

earlier in the pipeline. We propose a Predictive Performance 

Engineering (PPE) framework that layers a machine-learning 

forecasting component on top of a conventional LoadRunner 

test cycle. Instead of waiting for CPU, memory, or connection-

pool metrics to cross a failure threshold, the framework 

continuously forecasts the trajectory of these metrics from 

early-cycle telemetry, flagging an impending bottleneck while 

there is still time to throttle load, scale a resource, or halt the test 

before it produces a hard failure. The remainder of this paper 

describes related work, the PAS domain model, the proposed 

PPE architecture, an experimental evaluation methodology, 

representative results, and recommendations for healthcare IT 

teams. 

II. BACKGROUND 

A. Patient Accounting Systems and Revenue Cycle 

Management 

The PAS bridges clinical and financial systems: the Electronic 

Health Record (EHR) captures diagnoses and treatments, the 

PAS converts that clinical activity into charges and claims using 

ICD-10 and CPT coding, and the hospital's ERP/general ledger 

records the resulting revenue. Core PAS functions include 

billing and invoicing, claims management, payment posting, 

denial management, and patient collections, each of which is 

exercised by a distinct transaction mix and load profile over the 

course of a business day. 

B. LoadRunner-Based Performance Testing 

LoadRunner's Virtual User Generator (VuGen) is used to record 

and script the dominant PAS workflows, and its Controller 

component drives configurable populations of Vusers to 

emulate normal daily operations as well as peak conditions such 

as end-of-month batch adjudication or disaster-surge 

admissions. Analysis in prior work has shown that response 

time and throughput degrade sharply once concurrent load 

approaches a system's resource ceiling, with database and CPU 

utilization identified as the dominant constraints in claims-

processing transactions. 

C. Limitations of Reactive Testing 

The conventional workflow—run a fixed-duration load test, 

export metrics, and inspect a post-hoc report—treats bottleneck 

discovery as an offline analysis step. This is adequate for 

periodic capacity certification but is poorly suited to the tighter, 
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more frequent release cycles that hospital IT departments 

increasingly operate under as PAS platforms move to cloud and 

hybrid infrastructure. It also means that a bottleneck is typically 

confirmed only after it has already caused a breach of the test's 

acceptance criteria, rather than being anticipated while 

corrective action is still cheap. 

III. PROPOSED PREDICTIVE PERFORMANCE 

ENGINEERING (PPE) FRAMEWORK 

The PPE framework retains LoadRunner as the load-generation 

and client-side measurement engine, but adds three components 

around it: a streaming telemetry collector, a short-horizon 

forecasting model, and a feedback controller that can adjust the 

running test. Figure 1 (described below in tabular form, Table 

I) summarizes the four architectural layers. 

A. Layer 1 — Workload and Scripting 

● Patient Registration/Admission: 

demographics capture, insurance verification, EMR 

identifier creation. 

● Charge Entry and Coding: procedure entry, 

ICD/CPT validation, pricing rule application. 

● Claims Processing: UB-04/CMS-1500 

generation, claim scrubbing, clearinghouse 

submission. 

● Payment Posting: remittance (EOB) 

processing, co-pay application, account 

reconciliation. 

● Reporting and Analytics: revenue-cycle and 

denial reports, forecasting extracts. 

Each workflow is scripted in VuGen and parameterized with 

synthetic, masked patient data; no real Protected Health 

Information (PHI) is used at any stage, consistent with 

healthcare testing best practice. 

B. Layer 2 — Streaming Telemetry Collector 

In addition to LoadRunner's native client-side response-time 

and throughput metrics, an Application Performance 

Monitoring (APM) integration streams server-side counters—

CPU utilization, memory pressure, active database connections, 

and queue depth—at a fine time resolution (e.g., 5-second 

intervals) throughout the run, rather than only at test 

completion. 

C. Layer 3 — Short-Horizon Forecasting Model 

A lightweight time-series regression model (e.g., gradient-

boosted trees or an exponentially-weighted trend estimator over 

a rolling window) is trained on historical test runs to forecast 

each server-side metric a fixed horizon ahead—typically 2 to 5 

minutes. When the forecast for any metric crosses a defined 

danger band before it has actually breached the hard threshold, 

the framework raises an early warning rather than waiting for 

the threshold breach itself. 

D. Layer 4 — Feedback Controller 

On receiving an early warning, the controller can (a) hold the 

current Vuser ramp-up rate instead of increasing it, (b) notify 

the test engineer with the specific transaction and resource 

implicated, or (c) trigger a scripted scale-out action (e.g., adding 

an application-server instance) so the test can continue to a 

higher concurrency level without an uncontrolled failure. This 

closes the loop between measurement and action within the 

same test cycle rather than across separate test-and-fix 

iterations. 

IV. EXPERIMENTAL METHODOLOGY 

To evaluate the PPE framework against the conventional 

reactive approach, we designed a comparative test plan against 

a representative PAS test environment consisting of a 

web/application tier, a claims-processing service, and a 

relational database tier, all instrumented with the APM layer 

described above. 

A. Test Scenarios 

● Normal Load: steady-state daily operations 

mix (registration 30%, charge entry 25%, claims 

processing 25%, payment posting 15%, reporting 5%). 

● Peak Load: end-of-month batch adjudication 

mix with claims processing weighted to 45% and 

reporting weighted to 15%. 

● Surge Load: disaster/mass-casualty 

admission simulation with registration weighted to 

55%. 

B. Metrics Captured 

● End-to-end transaction response time (95th 

percentile). 

● Throughput (transactions per minute). 

● Database connection-pool utilization and 

CPU utilization of application servers. 

● Lead time between the earliest actionable 

warning and the point of actual threshold breach. 

C. Comparison Protocol 

Each scenario was executed twice: once using a conventional 

LoadRunner-only reactive cycle (metrics reviewed only after 

run completion) and once using the PPE-augmented cycle 

(metrics forecast continuously during the run). Both variants 

used the same Vuser ramp schedule and the same underlying 

infrastructure sizing to isolate the effect of the predictive layer 

itself. 

V. RESULTS AND ANALYSIS 

Table I summarizes representative outcomes across the three 

load scenarios. The reactive cycle consistently detected the 

bottleneck only at or after the threshold breach, whereas the 

PPE-augmented cycle produced an early warning several 

minutes ahead of the same breach, giving the test team a 

practical window to intervene. 

 

TABLE I. REACTIVE VS. PREDICTIVE BOTTLENECK DETECTION 

 

Consistent with earlier reactive-testing findings, database and 

CPU resources remained the dominant constraints under peak 

conditions, and complex claims-processing transactions showed 

the largest response-time increases as concurrency rose. The 

additional finding here is that the forecasting layer's lead time 

was largest for CPU-bound bottlenecks, where utilization trends 

smoothly, and smallest for the queue-depth bottleneck under 

surge load, which developed more abruptly. This suggests the 

PPE approach is best suited to gradually developing resource 

Scenario Bottleneck Resource Reactive Detection Point PPE Early-Warning Lead 

Time 

Normal Load Database connection pool At 92% pool utilization 

(breach) 
~4 min before breach 

Peak Load (EOM 

batch) 
CPU utilization, claims 

service 
At 95% CPU (breach) ~5 min before breach 

Surge Load Registration queue depth At queue overflow (breach) ~2.5 min before breach 
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pressure and should be paired with conventional hard-threshold 

alerting for abrupt failure modes. 

Across all three scenarios, the PPE-augmented cycle also 

reduced the number of full test iterations needed to reach a 

stable capacity recommendation, since early warnings allowed 

the test team to adjust Vuser ramp-up or infrastructure sizing 

mid-run rather than restarting the entire scenario after a hard 

failure. 

VI. RECOMMENDATIONS 

● Integrate an APM feed with LoadRunner so 

server-side metrics stream at fine time resolution rather 

than being reviewed only after test completion. 

● Train the forecasting layer on the 

organization's own historical test runs rather than a 

generic model, since PAS workload mixes and 

infrastructure sizing vary widely between hospitals. 

● Reserve conventional hard-threshold alerting 

for abrupt failure modes (e.g., queue overflow) where 

a short-horizon forecast has little useful lead time. 

● Continue to mask or synthesize all patient 

data used in test scripts, and validate that the telemetry 

pipeline itself does not transmit PHI. 

● Pair predictive testing with load-balancing 

and horizontal scaling so an early warning can trigger 

a concrete mitigation rather than only a notification. 

VII. CONCLUSION 

This paper presented a Predictive Performance Engineering 

framework that augments conventional LoadRunner-based 

testing of Patient Accounting Systems with a short-horizon 

machine-learning forecasting layer and a feedback controller. 

Representative experimental results across normal, peak, and 

surge load scenarios show that the predictive layer can surface 

impending resource bottlenecks several minutes before a 

conventional reactive cycle would detect the same breach, 

giving healthcare IT teams a practical window to intervene and 

reducing the number of full test iterations required to reach a 

stable capacity recommendation. Future work includes 

validating the framework against a larger set of production-

representative PAS deployments, extending the forecasting 

layer to multivariate models that capture cross-resource 

interactions (e.g., database contention driving downstream CPU 

pressure), and evaluating the approach against fully automated, 

closed-loop auto-scaling infrastructure. 
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