
sas for forecasting time series

Introduction to SAS for Time Series Forecasting
sas for forecasting time series offers a powerful and versatile suite of tools designed to tackle
complex temporal data analysis. Whether you're predicting sales, analyzing stock market trends, or
understanding climate patterns, SAS provides robust methodologies and algorithms for accurate time
series modeling. This comprehensive guide will delve into the core capabilities of SAS for time series
forecasting, exploring its advanced statistical models, practical implementation, and the benefits it
brings to data-driven decision-making. We will cover essential concepts, from data preparation and
exploratory analysis to model selection, evaluation, and deployment. Understanding how to leverage
SAS for forecasting time series can unlock significant insights and improve predictive accuracy for
businesses and researchers alike.
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Understanding Time Series Data and Forecasting
Time series data is a sequence of data points indexed in time order. These data points can be
collected at regular intervals, such as hourly, daily, monthly, or yearly. The fundamental characteristic
of time series data is its inherent temporal dependency; past values often influence future values.
Time series forecasting, therefore, involves using historical data to predict future values of the same
variable. This process is critical across numerous domains, including finance, economics, weather
forecasting, demand planning, and operational efficiency. The goal is to identify patterns, trends,
seasonality, and cyclical components within the data to build models that can extrapolate these
patterns into the future.



The accuracy of time series forecasts is paramount for effective planning and resource allocation.
Businesses rely on these predictions to make informed decisions about inventory management,
staffing, marketing campaigns, and investment strategies. Inaccurate forecasts can lead to significant
financial losses, missed opportunities, and operational inefficiencies. Therefore, selecting the right
tools and methodologies is crucial for achieving reliable predictions. SAS provides a comprehensive
ecosystem for addressing these challenges, offering both foundational and cutting-edge approaches
to time series modeling.

Key SAS Procedures for Time Series Analysis
SAS offers a rich collection of procedures specifically designed for time series analysis and
forecasting. These procedures provide a wide range of statistical techniques, from simple smoothing
methods to complex econometric models. Understanding these core tools is the first step towards
effectively utilizing SAS for forecasting time series.

The ARIMA Procedure
The ARIMA (AutoRegressive Integrated Moving Average) procedure is a cornerstone of time series
forecasting in SAS. It implements a broad class of models for analyzing and forecasting stationary and
non-stationary time series data. The ARIMA model captures dependencies in the data through its
auto-regressive (AR) and moving average (MA) components, while the 'I' (integrated) component
accounts for differencing needed to achieve stationarity. SAS's ARIMA procedure allows for automatic
model identification (using information criteria like AIC and BIC), parameter estimation, forecasting,
and residual analysis, making it a powerful tool for univariate time series forecasting.

The ESM (Exponential Smoothing) Procedure
The ESM procedure in SAS implements various exponential smoothing methods, which are particularly
useful for data exhibiting trend and seasonality. These methods assign exponentially decreasing
weights to older observations, giving more weight to recent data. SAS supports a wide array of
exponential smoothing models, including Simple Exponential Smoothing, Holt's Linear Trend Method,
and Holt-Winters' Seasonal Method, along with their additive and multiplicative variants. This
procedure is effective for forecasting data with clear seasonal patterns and trends and is often a good
starting point for many time series problems.

The STATE Space Procedure
For more complex and flexible time series modeling, the STATE Space procedure is invaluable. It
allows for the estimation of models based on the state-space framework, which provides a unified
approach to modeling various time series phenomena. This includes models such as ARIMA,
exponential smoothing, dynamic regression models, and structural time series models. The STATE
Space procedure is highly versatile and can handle issues like missing values, time-varying
parameters, and multivariate time series, offering a robust platform for advanced SAS time series
forecasting.

Other Relevant SAS Procedures
Beyond these primary procedures, SAS offers other tools beneficial for time series analysis. The



FORECAST procedure provides basic forecasting capabilities. The X12 procedure (and its successor
X13ARIMA-SEATS) is excellent for seasonal adjustment, a crucial preprocessing step for many time
series analyses. The SAS/ETS (Econometrics and Time Series) module, in general, is a comprehensive
collection of software for time series analysis, forecasting, and econometric modeling.

Data Preparation and Preprocessing in SAS
Before applying any forecasting models, meticulous data preparation and preprocessing are essential
for ensuring the quality and reliability of the results. SAS provides a wealth of tools within its DATA
step and various procedures to handle common data challenges in time series analysis.

Handling Missing Values
Time series datasets frequently contain missing observations, which can disrupt the modeling
process. SAS offers several strategies for imputing missing values. These include simple methods like
forward or backward fill, mean imputation, and more sophisticated techniques such as interpolation or
using SAS procedures like PROC ARIMA or PROC STATE SPACE which have built-in capabilities to
handle missing data within their modeling frameworks. The choice of imputation method can
significantly impact forecast accuracy, so careful consideration is necessary.

Resampling and Aggregation
Often, time series data may be available at a finer granularity than required for forecasting, or vice-
versa. SAS procedures can be used to resample data to a desired frequency. For instance, you might
need to aggregate hourly sales data to daily or weekly totals. Conversely, you might need to
disaggregate monthly data if finer-grained predictions are needed. The DATA step, along with
procedures like PROC SUMMARY, can facilitate these transformations.

Transformations and Detrending
Many time series models assume stationarity, meaning the statistical properties of the series (mean,
variance, autocorrelation) do not change over time. Real-world data often exhibits trends and
seasonality, violating this assumption. SAS procedures can be used to apply transformations such as
logarithmic or Box-Cox transformations to stabilize variance. Differencing, a key component of ARIMA
models, is a common technique for removing trends and achieving stationarity. Seasonal differencing
can address seasonal patterns. SAS procedures like PROC ARIMA and PROC ESM can automatically
handle differencing as part of the model fitting process, or it can be performed manually.

Outlier Detection and Treatment
Extreme values or outliers can disproportionately influence model fitting and lead to poor forecasts.
SAS provides tools for identifying potential outliers, such as residual analysis after fitting a preliminary
model. Once identified, outliers can be handled by removal (with caution, as it removes information),
transformation, or by using robust statistical methods that are less sensitive to extreme values.
Specialized outlier detection algorithms can also be implemented using SAS.



Exploratory Data Analysis for Time Series
Thorough exploratory data analysis (EDA) is a critical precursor to building effective time series
forecasting models. It helps in understanding the underlying patterns, identifying potential issues, and
guiding model selection. SAS offers numerous graphical and statistical tools for this purpose.

Visualizing Time Series Data
The most fundamental step in EDA is visualizing the time series. SAS procedures like PROC GPLOT
and PROC SGPLOT can create line plots of the data over time. These plots help in visually identifying
trends (upward or downward movements), seasonality (repeating patterns at fixed intervals), cycles
(longer-term, non-fixed fluctuations), and potential outliers. Examining the plot can immediately
suggest the types of models that might be appropriate.

Decomposition Techniques
Decomposing a time series into its constituent components – trend, seasonality, and remainder (or
random noise) – is a powerful analytical technique. SAS procedures like PROC STL (Seasonal-Trend
decomposition using Loess) and PROC X12 (for seasonal adjustment) can perform these
decompositions. Visualizing these components separately provides a deeper understanding of the
series' behavior and aids in identifying how much of the variation is explained by each component.

Autocorrelation and Partial Autocorrelation Functions
To understand the temporal dependencies within a time series, the autocorrelation function (ACF) and
partial autocorrelation function (PACF) are indispensable. The ACF measures the correlation of a time
series with its lagged values, while the PACF measures the correlation after removing the effects of
intermediate lags. SAS's PROC ARIMA can automatically generate ACF and PACF plots, which are
crucial for identifying the order of AR and MA components in ARIMA models. Examining these plots
helps in determining the appropriate model structure.

Stationarity Tests
As mentioned earlier, many time series models require the data to be stationary. EDA should include
formal statistical tests for stationarity. SAS can perform these tests, such as the Augmented Dickey-
Fuller (ADF) test or the Kwiatkowski-Phillips-Schmidt-Shin (KPSS) test. If a series is found to be non-
stationary, appropriate transformations (like differencing) can be applied, and the tests can be re-run
to confirm stationarity.

Building and Evaluating Time Series Forecast Models in
SAS
Once the data is prepared and explored, the next phase involves building and evaluating forecasting
models in SAS. This is an iterative process aimed at finding the model that best represents the data
and provides the most accurate future predictions.



Model Selection Strategies
SAS procedures offer various strategies for selecting the best model. PROC ARIMA, for instance, can
perform automatic model selection, searching for parsimonious models that minimize information
criteria like AIC (Akaike Information Criterion) or BIC (Bayesian Information Criterion). Alternatively,
analysts can manually specify model orders based on insights from ACF and PACF plots or domain
knowledge. For exponential smoothing, SAS allows for testing multiple smoothing models to find the
one with the best fit.

Forecasting and Prediction Intervals
After a model is selected and fitted, SAS can generate forecasts for future periods. Crucially, SAS can
also produce prediction intervals, which provide a range within which the future values are expected
to fall with a certain level of confidence (e.g., 95% prediction interval). These intervals are vital for
understanding the uncertainty associated with the forecasts and for making risk-aware decisions.

Model Evaluation Metrics
Evaluating the performance of a time series model is essential. SAS provides various metrics to
assess forecast accuracy. Common metrics include:

Mean Absolute Error (MAE)

Mean Squared Error (MSE)

Root Mean Squared Error (RMSE)

Mean Absolute Percentage Error (MAPE)

Symmetric Mean Absolute Percentage Error (SMAPE)

These metrics are typically calculated on a hold-out sample (a portion of the data not used for model
training) to provide an unbiased assessment of the model's predictive power. SAS procedures often
output these metrics directly, facilitating model comparison.

Residual Analysis
A critical part of model evaluation is analyzing the model's residuals (the differences between actual
values and forecasted values). Ideally, residuals should resemble white noise – meaning they are
random, have a mean of zero, constant variance, and are uncorrelated. SAS provides tools for plotting
residuals, calculating their autocorrelation, and performing statistical tests (like the Ljung-Box test) to
check for serial correlation. If residuals exhibit patterns, it indicates that the model has not fully
captured the dynamics of the time series, and improvements are needed.

Advanced Forecasting Techniques with SAS
Beyond standard ARIMA and exponential smoothing, SAS supports more sophisticated techniques for
tackling complex time series challenges, enhancing the accuracy and applicability of forecasting time



series data.

Intervention Analysis
Intervention analysis is used to assess the impact of specific events or interventions on a time series.
For example, a marketing campaign, a policy change, or a natural disaster can disrupt the normal
pattern of a time series. SAS procedures can model these interventions as external regressors,
allowing analysts to quantify the effect of the intervention on the series' level or trend.

Regime Switching Models
Some time series exhibit different behaviors or regimes over time. Regime switching models, often
implemented using the STATE Space procedure in SAS, can capture these shifts. For instance, stock
market volatility might differ significantly during economic expansions versus recessions. These
models allow the model parameters to change depending on the current regime, providing a more
nuanced representation of the data's dynamics.

Dynamic Regression and Transfer Functions
SAS allows for the incorporation of external predictor variables into time series models. Dynamic
regression models use regression techniques where predictor variables can have lagged effects on
the response variable. Transfer function models are a more advanced form, allowing for the modeling
of how changes in one or more input series affect an output series over time, including their delays
and impacts. These are particularly useful when external factors are known to influence the time
series being forecasted.

Multivariate Time Series Analysis
In many real-world scenarios, multiple time series are related. For example, the sales of a product
might be influenced by advertising spend and competitor pricing. SAS supports multivariate time
series models, such as Vector Autoregression (VAR) and Vector Autoregressive Moving Average
(VARMA), which can model the interdependencies between multiple series simultaneously. This can
lead to more accurate forecasts, especially when series exhibit strong cross-correlations.

Machine Learning Approaches
While SAS is traditionally known for its statistical modeling, it also integrates with and supports
machine learning techniques for time series forecasting. This can include methods like gradient
boosting (e.g., using PROC GRADBOOST) or neural networks (e.g., recurrent neural networks) when
properly formulated for time series data. These approaches can sometimes capture complex non-
linear patterns that traditional statistical models might miss.

Implementing and Deploying SAS Time Series
Forecasts
Successfully implementing and deploying SAS time series forecasts involves integrating the modeling
process into operational workflows and ensuring that forecasts are accessible and actionable for



decision-makers.

Automating the Forecasting Process
For organizations that require frequent forecasts, automating the entire forecasting pipeline is crucial.
SAS provides tools for scheduling and automating jobs. This can involve writing SAS programs that
read new data, preprocess it, run forecasting models, generate forecasts, and store the results. This
automation ensures that forecasts are updated consistently and efficiently, reducing manual effort
and potential errors.

Integrating Forecasts with Business Systems
The value of forecasts is realized when they are integrated into business decision-making processes.
SAS can export forecast results in various formats (e.g., CSV, databases) that can be consumed by
other business intelligence tools, enterprise resource planning (ERP) systems, or custom applications.
This allows for seamless integration with inventory management, supply chain planning, financial
reporting, and other critical business functions.

Monitoring and Re-forecasting
The forecasting process is not static. It's important to continuously monitor the performance of
deployed forecasts against actual outcomes. If forecast accuracy degrades, it may indicate that the
underlying patterns in the data have changed, or that the model needs to be updated. SAS can be
used to implement automated monitoring systems that flag significant deviations and trigger re-
forecasting or model recalibration. Regular review and updating of models are essential for
maintaining forecast accuracy over time.

Communicating Forecast Uncertainty
Effective communication of forecast uncertainty is as important as the point forecasts themselves. By
leveraging SAS's ability to generate prediction intervals, organizations can understand the range of
potential future outcomes. Presenting these intervals alongside point forecasts in dashboards or
reports helps stakeholders make more informed decisions, acknowledging the inherent variability in
future predictions.

Benefits of Using SAS for Time Series Forecasting
The adoption of SAS for forecasting time series offers numerous advantages for organizations seeking
to enhance their predictive capabilities and gain a competitive edge.

Robust Statistical Foundation: SAS is built on a strong statistical foundation, providing
access to a wide array of well-established and rigorously tested time series methodologies. This
ensures that forecasts are based on sound statistical principles.

Scalability and Performance: SAS is designed to handle very large datasets efficiently. Its
high-performance computing capabilities allow for the analysis and forecasting of massive time
series, making it suitable for enterprise-level applications.



Comprehensive Toolset: SAS offers an end-to-end solution, from data management and
exploration to model building, evaluation, and deployment. This integrated approach
streamlines the entire forecasting workflow.

Advanced Capabilities: SAS supports sophisticated techniques like state-space modeling,
intervention analysis, and multivariate time series analysis, enabling the tackling of complex
forecasting problems.

Reproducibility and Auditability: SAS code is script-based, which promotes reproducibility of
results. This is crucial for auditing purposes, regulatory compliance, and ensuring transparency
in the forecasting process.

Integration with Other Analytics: SAS allows for the seamless integration of time series
forecasts with other analytical techniques, such as optimization, simulation, and machine
learning, providing a holistic view for decision-making.

Enterprise-Grade Support: As a leading analytics software provider, SAS offers robust
technical support, training, and ongoing development, ensuring that users can maximize the
value of their time series forecasting investments.

Frequently Asked Questions

What are the key SAS procedures for time series forecasting,
and which is best for different scenarios?
SAS offers several powerful procedures for time series forecasting. For basic univariate forecasting,
PROC ARIMA and PROC FORECAST are excellent. PROC ARIMA handles autoregressive integrated
moving average (ARIMA) models, while PROC FORECAST provides a suite of methods including
exponential smoothing, regression, and ARIMA. For more complex scenarios, like forecasting with
external regressors or dealing with seasonality, PROC STATESPACE (which encompasses exponential
smoothing, ARIMA, and dynamic regression) is highly recommended for its flexibility and
comprehensive modeling capabilities. PROC ESM (Exponential Smoothing) is a dedicated option for
exponential smoothing methods.

How does SAS handle seasonality in time series forecasting,
and what are the common approaches?
SAS provides several ways to handle seasonality. Within PROC ARIMA and PROC STATESPACE, you can
specify seasonal orders (e.g., SARIMA models) to capture seasonal patterns. PROC FORECAST also has
options for seasonal forecasting, often by de-seasonalizing the data, forecasting the de-seasonalized
series, and then re-seasonalizing the forecast. Decomposition methods, often available through PROC
TIMESERIES or implicitly within other forecasting procedures, are also used to separate trend,
seasonal, and irregular components.



What is the role of automatic model selection in SAS
forecasting, and how can it be leveraged?
SAS offers automatic model selection capabilities within procedures like PROC ARIMA and PROC
STATESPACE. This feature, often enabled by options like `SELECTION=AUTOMATIC` or
`MODEL=AUTO`, allows SAS to search through a range of predefined model structures (e.g., different
ARIMA orders, seasonal orders) and identify the best-fitting model based on criteria like AIC, BIC, or
RMSE. This is particularly useful for users who are new to time series modeling or when dealing with a
large number of series where manual exploration is impractical.

How can external regressors be incorporated into SAS time
series forecasts, and what are the benefits?
External regressors (also known as independent variables or predictors) can be incorporated into SAS
time series forecasts using procedures like PROC ARIMA (with the `REGRESSORS=` option) and PROC
STATESPACE (using its dynamic regression capabilities). The benefit is that these models can capture
relationships between the target time series and other influential factors, potentially leading to more
accurate and interpretable forecasts. For example, forecasting sales might include regressors like
advertising spend or economic indicators.

What are the common evaluation metrics for time series
forecasts in SAS, and how are they interpreted?
SAS procedures provide various metrics to evaluate forecast accuracy. Common ones include Mean
Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and Mean
Absolute Percentage Error (MAPE). RMSE is sensitive to large errors, while MAE provides a linear
score. MAPE is useful for comparing forecast accuracy across series with different scales, but it can be
undefined or misleading if actual values are zero or close to zero. The choice of metric often depends
on the business context and the cost associated with different types of forecast errors.

How can SAS be used for monitoring and updating time series
forecasts in a production environment?
For production environments, SAS offers robust solutions. PROC FORECAST and PROC STATESPACE
can be integrated into scheduled jobs to automatically re-estimate models and generate forecasts as
new data becomes available. SAS Visual Forecasting (part of SAS Viya) provides a more automated
and collaborative platform for managing the entire forecasting lifecycle, including data preparation,
model building, forecasting, and performance monitoring. Event-driven updating and anomaly
detection can also be implemented to trigger re-forecasts when significant deviations occur.

Additional Resources
Here are 9 book titles related to SAS for time series forecasting, each with a short description:

1. Forecasting: Principles and Practice
This foundational text, though not solely SAS-focused, provides a comprehensive overview of time
series forecasting methods and principles. It covers essential concepts like stationarity,



autocorrelation, and various modeling techniques. The book serves as an excellent theoretical
grounding before diving into SAS implementations, explaining the "why" behind the "how" of
forecasting.

2. SAS/ETS User's Guide
This is the definitive reference for using SAS for Econometric Time Series (ETS). It details the syntax
and capabilities of SAS procedures like PROC ARIMA, PROC ESM, and PROC STATESPACE. The guide
offers practical examples and explanations of how to apply these powerful tools for a wide range of
forecasting tasks.

3. Applied Time Series Analysis with R and SAS
This book offers a comparative approach to time series analysis, illustrating how to implement various
techniques in both R and SAS. It covers fundamental models such as ARIMA and exponential
smoothing, alongside more advanced topics. The dual-language approach helps users understand the
underlying logic and how it translates across different statistical software.

4. Time Series Analysis and Its Applications: With R Examples
While primarily focused on R, this book provides strong theoretical underpinnings and a wealth of
practical examples for time series analysis that are highly relevant to SAS users. It delves into signal
processing, model identification, and estimation. Understanding the concepts presented here will
significantly enhance the user's ability to leverage SAS's advanced forecasting capabilities.

5. Forecasting with SAS: A Practical Guide
This title suggests a hands-on approach, focusing on practical application of SAS for forecasting. It
likely walks users through real-world scenarios, demonstrating how to prepare data, build models, and
interpret results using SAS procedures. The book aims to equip readers with the skills to immediately
start forecasting in a business context.

6. SAS for Predictive Modeling in the Pharmaceutical Industry
Although specific to a sector, this book undoubtedly covers time series forecasting as it's crucial for
demand planning and production in pharmaceuticals. It will showcase how SAS's time series
capabilities can be applied to solve industry-specific challenges, offering valuable insights even for
those outside the pharmaceutical field. Expect practical examples and case studies demonstrating
SAS's power in real-world applications.

7. Statistical Methods for Survival Data Analysis
While not directly about time series forecasting in the traditional sense, understanding survival
analysis techniques can be crucial for certain forecasting applications, such as predicting event
occurrences or customer churn. This book, assuming it's SAS-based, would illustrate how SAS can
handle these specialized time-dependent data structures, offering a different lens on temporal
prediction.

8. SAS Essentials: Data Analysis and Graphics
This introductory text provides a solid foundation in SAS programming and data manipulation. Before
tackling complex time series forecasting, users need to be proficient in basic SAS operations. This
book ensures readers have the necessary groundwork to effectively load, clean, and prepare their
time series data for analysis within SAS.

9. Multivariate Time Series Analysis: With R and Python Examples
This book would explore forecasting with multiple interdependent time series, a common scenario in
economics and finance. While the examples are in R and Python, the underlying statistical principles



and model structures (like VAR models) are directly implementable and interpretable within SAS's
PROC VARMAX or similar procedures. It broadens the scope of forecasting beyond single series.
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