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Calculate WMAPE in R (With Example)

In the high-stakes environment of statistical modeling and business analytics, the precise
evaluation of forecasting model performance is essential for driving sound business decisions.
While numerous metrics exist for this purpose, the Weighted Mean Absolute Percentage Error
(WMAPE) has emerged as a particularly robust and flexible indicator. Unlike the standard Mean
Absolute Percentage Error (MAPE), WMAPE incorporates a critical element: the ability to assign

differential importance, or weights, to specific observations or time periods. This weighting
mechanism is invaluable in real-world scenarios where not all data points contribute equally to the
overall business impact.

The core objective of WMAPE is to deliver a comprehensive assessment of a model's forecasting
accuracy. It quantifies the average magnitude of error, expressed as a percentage, while
simultaneously factoring in the varying significance of different predictions. This metric is highly
favored across critical domains such as supply chain optimization, retail demand planning, and
financial budgeting. In these fields, the consequences of prediction errors often differ dramatically--
for instance, an error in forecasting a high-value product line carries far greater financial risk than
an error for a low-volume item. WMAPE addresses this complexity directly.

By adopting and correctly applying WMAPE, practitioners gain a more nuanced and business-
aligned perspective on their model's predictive power. This ensures that resources and model
improvements are strategically directed toward minimizing errors in the areas that matter most to
the organization. This article serves as a deep dive into WMAPE, clarifying its underlying
mathematical principles and providing a practical, step-by-step demonstration of its implementation
using the powerful R programming language.

The Mathematical Foundation of WMAPE

To fully harness the utility and strategic value of WMAPE, a solid grasp of its mathematical
construction is necessary. The formula is specifically engineered to capture the magnitude of
forecasting errors relative to the actual outcomes, while simultaneously embedding the concept of
strategic importance through the assignment of weights. This adaptability is what makes WMAPE
superior to unweighted metrics in complex operational environments.

The standard formula used for calculating WMAPE is defined as follows:
WMAPE = ( Z]yi- ?i[*wi ) / ( Zyi*wi ) * 100

Understanding the role of each variable is key to interpreting the metric correctly. We can dissect
the formula into its constituent parts:

> (Sigma): This symbol denotes the operation of summation. It instructs us to aggregate the
values of the subsequent expression across all observations, typically from the first observation
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(i=1) up to the final observation (n).

yi: Represents the actual value of the ith observation. In a forecasting context, this is the ground
truth--the true sales figure, demand quantity, or financial outcome that actually materialized.

?i: Denotes the predicted value or forecasted output generated by the predictive model for the

corresponding ith observation period.

lyi- ?i|: This critical component calculates the absolute error for the ith observation. By taking the

absolute value, we ensure that the metric measures the magnitude of the deviation regardless of
whether the forecast was an over-prediction or an under-prediction.

wi: This is the weight assigned to the ith observation. Weights are the defining feature of WMAPE,
allowing errors from high-priority data points to exert a disproportionately larger influence on the
final error metric.

The numerator represents the total weighted absolute errors, aggregating the discrepancy between
predictions and actuals, adjusted by the importance of each data point. The denominator,
conversely, sums the weighted actual values, serving as a normalization factor. This scaling
ensures that WMAPE provides a relative measure of error, indicating how large the errors are as a
proportion of the total weighted actuals. The final multiplication by 100 converts the ratio into a
percentage error, which is universally accessible for interpretation: a lower WMAPE value always

signifies superior forecasting accuracy.

Implementing WMAPE in R: Building a Custom Function

Although commercial statistical packages often include functions for standard error metrics,
defining a custom function for WMAPE within the R programming language offers significant

advantages, including maximum control over the calculation process and complete transparency.
This approach ensures that the metric is calculated precisely according to the required business
logic and can be easily integrated into larger analytical workflows.

We define a function, typically named f i nd_WVAPE, designed to accept three input vectors: y (the
vector of actual values), yhat (the vector of predicted values), and w (the vector of weights). It is
crucial that these vectors are of identical length, ensuring that each actual value, prediction, and
corresponding weight are correctly matched during the element-wise calculations.

find_WMAPE <- function(y, yhat, w){
return(sum(abs(y-yhat)*w)/sum(y*w)*100)
}
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The elegance of this compact R function lies in its utilization of R's efficient vectorization
capabilities, allowing complex calculations to be performed across entire datasets simultaneously.

The expression abs(y-yhat) computes the element-wise difference between actuals and
predictions, then applies the absolute value function, yielding a vector of absolute errors.

This error vector is then multiplied by the vector of weights (abs(y- yhat) *w), effectively weighting
each individual error magnitude according to its strategic importance.

The sum(...) function then calculates the total sum of these weighted absolute errors (the
numerator).

In the denominator, sun(y*w) calculates the total weighted magnitude of the actual values,
providing the necessary scaling.

The final division and multiplication by 100 produces the WMAPE as a percentage error. This

reusable function simplifies the evaluation of forecasting accuracy, especially when dealing with

datasets where differential importance of observations is a key consideration.

Practical Application: Retail Sales Forecasting Example

To demonstrate the utility of the fi nd_WMAPE function, we will apply it to a typical business
analytics problem: assessing the quality of retail sales forecasts. Our scenario involves comparing
the actual sales recorded by a retailer over a twelve-month period against the corresponding
predicted sales generated by their internal forecasting model. This hands-on example illustrates

the necessary data preparation steps in R.

The first step involves structuring the data within R. The data frame structure is ideal for
organizing tabular data, with one row representing each monthly observation and separate
columns dedicated to the actual and forecasted sales figures.

#create dataset
data <- data.frame(actual=c(23, 37, 44, 47, 48, 48, 46, 43, 32, 27, 26, 24),
forecast=c(37, 40, 46, 44, 46, 50, 45, 44, 34, 30, 22, 23))

#view dataset
data

actual forecast
12337
2 37 40
344 46
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447 44
548 46
6 48 50
7 46 45
84344
93234
10 27 30
11 26 22
12 24 23

As evident in the output, the dat a data frame effectively organizes the twelve pairs of sales
figures. This foundational step is essential, as the subsequent WMAPE calculation relies on the
direct comparison of corresponding elements in the act ual and f or ecast columns. Once the data
is prepared, the focus shifts to defining the strategic weights, which will determine how influential
each month's error will be on the final metric.

Interpreting the WMAPE Result and Strategic Weighting

The calculation of WMAPE requires the definition of a vector of weights, which must logically
reflect the relative business importance of each monthly observation. In this specific example, we
demonstrate how strategic weighting impacts the final result by assigning significantly higher
weights to the initial months (January and February). This simulates a scenario where early-year
sales accuracy is paramount for critical processes like inventory purchasing or annual budget
alignment.

# Ensure the WMAPE function is defined if running this section independently
find_WMAPE <- function(y, yhat, w){

return(sum(abs(y-yhat)*w)/sum(y*w)*100)

}

# Define weights for each month (January and February are heavily weighted)
weights <- ¢(20, 20, 6, 6, 6, 6, 6, 6, 6, 6, 6, 6)

# Calculate WMAPE using the data frame's columns
find_WMAPE (data$actual, data$forecast, weights)

13.27635

Upon executing the R function, we obtain a result of 13.27635. This numerical figure is the
WMAPE for the forecasting model over the twelve-month period, incorporating the defined
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strategic weights. Interpreted correctly, a WMAPE of 13.28% indicates that, on average, the
forecasted sales deviate from the actual sales by approximately 13.28%, giving priority to the
heavily weighted early months. A successful forecasting model aims for the lowest possible
WMAPE, signaling minimal weighted percentage error between predicted outcomes and reality.

The strategic role of weights cannot be overstated. Since not all forecasting errors carry the same
business risk--an error in a high-margin product forecast is more costly than one in a low-margin
product--the weighting mechanism allows the WMAPE metric to truly reflect business priorities. By
assigning higher weights to observations deemed critical, WMAPE ensures that model optimization
efforts are prioritized toward minimizing the most consequential errors. This aligns the statistical
evaluation metric directly with overarching business objectives.

Effective weight determination should always be guided by clear business logic. Strategies for
defining weights commonly include volume-based weighting (prioritizing high-volume sales),
strategic importance (prioritizing new product launches or key markets), or cost-of-error analysis
(weighting based on the financial consequence of a mistake). This judicious application of weights
transforms WMAPE from a purely statistical measure into a powerful, decision-support tool.

Advantages, Limitations, and Best Practices

The widespread adoption of WMAPE in forecasting accuracy assessment stems from several
key advantages. Primarily, its percentage-based nature ensures intuitive interpretability;
stakeholders can easily understand that a WMAPE of 10% means the model is, on average, off by
one-tenth of the actual weighted value. Furthermore, the percentage format standardizes
performance measurement, allowing for direct, apples-to-apples comparisons of accuracy across
diverse product portfolios or regional sales data, regardless of the underlying scale differences.

The paramount benefit, however, remains the inherent flexibility provided by weights. This feature
enables organizations to customize the error metric to their strategic landscape, ensuring that
model improvements are focused where they provide the maximum business return. By penalizing
errors in critical, high-impact observations more severely, WMAPE delivers a business-centric
evaluation of model performance that is far more realistic than unweighted alternatives like MAPE.
This adaptability is highly valued in complex forecasting environments.

Despite its strengths, practitioners must be mindful of WMAPE's potential pitfalls, particularly those
shared with other percentage-based metrics. The calculation can become unstable or undefined if
the actual values (yi) are zero or close to zero. Although the weighting in the denominator often
mitigates the issue caused by sporadic zero actuals, a dataset with consistently low or zero values
might still yield misleading or excessively volatile WMAPE results. In such specific cases,
alternative, scale-dependent metrics like Mean Absolute Error (MAE) or Root Mean Squared Error
(RMSE) might be more appropriate as complementary measures.
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Another critical consideration relates to the subjectivity involved in weight assignment. While the
ability to define weights is WMAPE's greatest asset, poorly chosen weights based on flawed
business logic can lead to a misrepresentation of true model performance. Therefore, defining an
effective weighting scheme requires a deep and clear understanding of the business objectives
and the financial impact of various forecasting errors. It is highly recommended to perform
sensitivity analyses, experimenting with different weighting structures, to confirm that the WMAPE
result accurately reflects the desired measure of forecasting effectiveness.

Further Exploration in R for Forecasting Metrics

Mastering WMAPE calculation in the R programming language represents a significant milestone

in your journey toward advanced forecasting evaluation. R's expansive ecosystem of packages
and functions provides ample opportunity to further refine your analytical toolkit. To build upon your
expertise, it is beneficial to explore other widely used forecasting error metrics, such as MAE,
RMSE, or unweighted MAPE, to understand the unique strengths and weaknesses of each and
determine the most appropriate metric for various analytical contexts.

Leveraging R packages like f or ecast or f abl e will not only allow you to calculate these diverse
metrics but also implement sophisticated forecasting models essential for producing the predicted
values required for WMAPE calculation. Continuous learning and practical application are key to
solidifying high-performance forecasting solutions.

To continue advancing your skills in R and forecasting, consider exploring the following advanced
topics and resources:

Investigate diverse time series forecasting models, including ARIMA, various Exponential

Smoothing methods, and advanced machine learning techniques.

Familiarize yourself with robust model evaluation practices, such as cross-validation techniques,

to ensure that your accuracy metrics are reliable and generalizable.

Master the art of presenting forecast data and errors effectively using powerful data visualization

libraries in R, such as ggpl ot 2.

Deepen your knowledge of data preparation for forecasting through advanced data manipulation
tools like the Tidyverse packages, specifically dplyr and tidyr.

By continually experimenting with different models, metrics, and visualization techniques in R, you
will enhance your capacity to deliver reliable and actionable forecasting insights tailored to any
specific business challenge.
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