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Understanding the Strategic Foundations of Sensitivity Analysis

In the complex landscape of quantitative decision-making, practitioners often face the challenge of dealing with
inherent uncertainty. Sensitivity analysis serves as the primary diagnostic tool used to determine how the different
values of an independent variable affect a particular dependent variable under a given set of assumptions. In
technical terms, it is the study of how the uncertainty in the outputof a mathematical model or system (numerical
or otherwise) can be apportioned to different sources of uncertainty in its inputs.

This analytical framework is indispensable in fields ranging from Management Science (COB 291) to Financial
Risk Analysis (FIN 475). By systematically varying input parameters, analysts can identify which variables are the
most influential (the ‘critical’ inputs) and which have negligible impact on the final outcome. This process is often
referred to as 'What-If' analysis, but in a professional technical context, it involves rigorous mathematical validation
of model robustness.

Sensitivity Analysis in Linear Programming and Management Science

Linear Programming (LP) is a method to achieve the best outcome in a mathematical model whose requirements
are represented by linear relationships. Sensitivity analysis in LP focuses on how the optimal solutionchanges
when the parameters of the model change. This is crucial because, in real-world applications, data such as unit
profits or resource availability are rarely constant.

The Role of the Objective Function Coefficients

The objective function represents the goal of the model (e.g., maximizing profit or minimizing cost). Sensitivity
analysis examines the Range of Optimalityfor each coefficient in this function. This range defines the interval
within which a coefficient can vary without changing the current optimal values of the decision variables (the 'mix' of
products or activities). However, it is important to note that while the values of the decision variables remain the
same within this range, the total value of the objective function will change.

Analyzing the Right-Hand Side (RHS) of Constraints

Constraints represent the limitations on resources or requirements. The Right-Hand Side (RHS)value typically
indicates the amount of a resource available. Sensitivity analysis regarding the RHS involves two critical concepts:

e Dual Price / Shadow Price: This is the change in the optimal value of the objective function per unit increase
in the RHS of a constraint. For example, if a labor constraint has a shadow price of $15, it implies that acquiring
one additional hour of labor will increase the total profit by $15, provided the increase is within the allowable range.

¢ Range of Feasibility: This is the interval of RHS values over which the current shadow price remains valid. If
the RHS moves outside this range, the set of 'binding' constraints (those that limit the solution) will change,
requiring a re-calculation of the entire model.

The difference between the RHS values and the final optimal value assumed by the constraints is often referred to



as Slack (for "d constraints) @urplus(for "e constraints). A slack of zero indicates a binding constraint with a non-
zero shadow price, whereas a non-zero slack indicates a non-binding constraint with a shadow price of zero.

Advanced Financial Modeling and Risk Analysis (FIN 475)

Beyond deterministic linear models, sensitivity analysis is a cornerstone of Financial Modeling and Risk Analysis
. In these contexts, analysts utilize stochastic methods to account for market volatility and non-linear variables.

Monte Carlo and Latin Hypercube Simulations

Traditional sensitivity analysis often changes one variable at a time (OAT). However, financial markets are
interrelated. Monte Carlo Simulationaddresses this by running thousands of iterations where multiple inputs are
changed simultaneously based on probability distributions.

Latin Hypercube Sampling (LHS)is a more sophisticated statistical method used to generate a distribution of
plausible collections of parameter values. Unlike simple random sampling, LHS ensures that the entire range of
each variable is sampled, which leads to more accurate results with fewer iterations compared to standard Monte
Carlo methods.

Time Series Forecasting and Bootstrapping

In FIN 475, students and professionals use bootstrapping to assess the reliability of their models. Bootstrapping
involves repeatedly sampling with replacement from an existing data set to estimate the distribution of a statistic.
When combined with time series forecasting, sensitivity analysis helps determine how sensitive a 10-year
revenue projection is to fluctuations in the initial growth rate or the terminal value discount rate.

Sensitivity Analysis vs. Scenario Analysis

While often used interchangeably in casual conversation, these two techniques have distinct technical
implementations. The following table highlights the primary differences:



Feature Sensitivity Analysis Scenario Analysis

Primary Objective Determines the effect of a single Analyzes the impact of a set of
variable change. simultaneous changes.

Scope Narrow and focused on individual Broad, focusing on "Base," "Best,"
parameters. and "Worst" cases.

Variable Interaction Usually assumes variables are Captures correlations between
independent (OAT). multiple variables.

Output Identifies critical 'swing' variables and Provides a range of potential future
ranges. outcomes.

Complexity Mathematical and granular. Conceptual and strategic.

Technical Implementation: A Step-by-Step Procedure

Executing a professional-grade sensitivity analysis requires a structured workflow to ensure data integrity and
actionable insights.

1. Defining the Base Case

Before testing variations, establishing a Base Case model is essential. This model uses the most likely values for
all input parameters. In a linear programming context, this involves reaching the initial optimal solutionusing
algorithms like the Simplex method.

2. ldentifying Key Drivers

Not all variables are created equal. Analysts use screening techniques to identify which variables, when changed
by a fixed percentage (e.g., £10%), result in the most significant change to the Net Present Value (NPV) or the
objective function. This is often visualized using a Tornado Diagram.

3. Establishing Parameter Ranges

For each key driver, define the lower and upper bounds. In Management Science, these bounds are often
mathematically derived as the 'Allowable Increase' and 'Allowable Decrease' provided by software outputs (like
Excel Solver or LINGO).

4. Sensitivity Testing and lteration

Systematically adjust the variables. For multi-variable sensitivity, a Data Table (Sensitivity Matrix) can be used to
show how the objective function changes when two specific variables are varied simultaneously.

5. Interpreting Results and Marginal Analysis

The final step involves Marginal Analysis. If a resource has a high shadow price, the technical writer or analyst
must recommend whether the cost of acquiring more of that resource is less than the shadow price. If the cost of
an additional unit of labor is $10 and the shadow price is $15, the recommendation is clear: expand capacity.

Case Studies and Practical Application: From Classroom to Boardroom

The application of these theories can be seen in various sectors. For instance, in Kinesiology (KIN 202),
researchers might use sensitivity analysis to measure the impedance of electrical flow through fat-free mass,



adjusting for hydration status to ensure the accuracy of body composition models.

Example: Supply Chain Optimization

Consider a manufacturing firm using LP to minimize costs. Sensitivity analysis reveals that the shadow price for
'Raw Material A" is extremely high, but its range of feasibility is very narrow. This tells management that while 'Raw
Material A' is critical, only a small additional amount will be beneficial before another constraint (perhaps machine
hours) becomes the bottleneck. This prevents over-investment in the wrong resource.

Example: Financial Risk in Energy Markets

An energy company evaluating a new power plant will use dynamic optimization techniques. They must account
for the sensitivity of the project's internal rate of return (IRR) to fuel prices, carbon taxes, and electricity demand. By
employing Monte Carlo simulations, they can produce a probability distribution of the IRR, allowing for a more
nuanced risk assessment than a single-point estimate could provide.

Failure Modes and Common Errors in Sensitivity Analysis

Despite its power, sensitivity analysis is prone to several common pitfalls that can lead to erroneous conclusions:

 Ignoring Variable Correlation: Changing one variable while keeping others constant is mathematically sound
but often realistically impossible. In finance, interest rates and inflation are highly correlated; testing them in
isolation can lead to misleading results.

¢ Over-Reliance on Linear Assumptions: Most basic sensitivity models assume linear relationships. In reality,
many systems exhibit non-linear behavior or 'tipping points' where a small change in input leads to a catastrophic
change in output.

¢ Model Degeneracy: In LP, degeneracy occurs when multiple basic feasible solutions yield the same optimal
objective value. This can make shadow prices unstable and difficult to interpret.

e Parameter Uncertainty: If the base case data is fundamentally flawed, sensitivity analysis merely measures
the variance of a wrong number. High-quality Assessment Results and documentation are required to validate the
initial model.

The Broader Implications for Strategic Decision-Making

The true value of sensitivity analysis lies not in the numbers it produces, but in the insightit  provides into the
behavior of a system. It shifts the focus from "What is the answer?" to "What makes the answer change?" This
mindset is essential for robust strategic planning. It allows organizations to prepare for volatility, hedge against
specific risks, and capitalize on the most influential drivers of success.

As technical systems become more integrated and data-driven, the mastery of sensitivity analysis—from the
foundational Simplex method to advanced stochastic simulations—remains a core competency for any analyst.
Whether you are navigating the requirements of COB 291 or managing a multi-million dollar portfolio in FIN 475,

the ability to quantify uncertainty is the hallmark of professional excellence. By rigorously applying these
frameworks, decision-makers can move beyond intuition and ground their strategies in the structural realities of
their operational and financial environments.
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