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General Approach



2013 LFD Biennial 
Medicaid Model

 Did not include Medicaid 
Expansion 

 Over 5,000 lines of code and 
manual adjustments required

 ARIMA model implemented 
throughout
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Current 
Capabilities

Includes Medicaid Expansion

Flexibility when new providers are added

Tightened up the percent completion factor

Quality of Life improvements
•~30% of the previous model length
•Zero manual inputs and automated wherever possible
•Prioritized Readability
•Steps documented throughout
•Fails gracefully
•Significantly less processing time for significantly more computations

Exogenous predictors

Multiple different models implemented

Model Selection based on best fit
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General Approach

Data Driven
• Historical 

Expenditures

• Macro-economic 
inputs

Method Driven
• Various robust 

methodologies 
implemented

• Method chosen by 
best-fit metrics

Quality Driven
• Flexible

• Automated

• Quick

• Well visualized 
output
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R Software 
  Open-source software that can be extended via packages
  A language and environment for

 Data handling, storage and analysis
 Statistical Computation
 Visualization

  For more information visit the R-Project Website
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The Data



Overview
• 901 Reports

  Provider Reimbursement Data
 Monthly data aggregated into quarterly values
 As early as 2004 (Dependent on provider type)
 Pulled on a monthly basis
 ~200 separate provider types 

• SABHRs Monthly subclass data for non-901 provider types
 Monthly data aggregated into yearly values

• Macroeconomic Variables brought in through S & P Global
 Quarterly Frequency
 Actuals and Projections
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Enrollment as a Predictor?
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Data Set-up
Master data set lives on Snowflake
New cleaning file with zero manual input
 File is saved with a particular naming convention that allows for 

automatically pulling needed report month and report year information 
out of the file name within the R script 
 Pulls most recent cleaned data and then uploads it to the master data set 

in Snowflake
 Moves the 901 report to an archived folder automatically

 SABHRS direct connection to R for non-901 categories
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The Challenge of Incomplete Data

Solution: A “Percent Completion Factor” that allows us to make informed estimates for 
recent years, even with partial information.
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3. Apply this 
median 

percentage to the 
most recent 

reporting data

2. Find the 
median of those 
percentages for 

each month 
across all fiscal 

years

1. Calculate 
completion 

percentages for 
the same service 

month at different 
reporting months 

Goal: Compare 
historical data at 

different points in 
time

Solution: A “Percent Completion Factor” that allows us to make informed estimates 
for recent years, even with partial information.



Percent Completion Factor (2013 Model)
 901 reports contain layers of monthly data going back 2 fiscal years for each PT
 Saved only the fiscal year end reports (Report Month = June)

𝑅𝑅(𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌, 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌) = 𝐹𝐹𝐹𝐹𝐹𝐹 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑏𝑏𝑏𝑏 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆.𝐹𝐹𝐹𝐹 𝑎𝑎𝑎𝑎𝑎𝑎 𝑅𝑅𝑅𝑅𝑅𝑅.𝐹𝐹𝐹𝐹 
𝑀𝑀𝑀𝑀(𝑀𝑀𝑀𝑀 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦= 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌+2) = 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑏𝑏𝑏𝑏 𝐹𝐹𝐹𝐹

 Issues: the detail and not dynamic as further data was added

Fiscal Year Lag 1 Lag 2 Lag 3

2015 𝑅𝑅(2015,2015)/𝑀𝑀𝑀𝑀2017 𝑅𝑅(2015,2016)/𝑀𝑀𝑀𝑀2017 𝑅𝑅(2015,2017)/𝑀𝑀𝑀𝑀2017
2016 𝑅𝑅(2016,2016)/𝑀𝑀𝑀𝑀2018 𝑅𝑅(2016,2017)/𝑀𝑀𝑀𝑀2018 𝑅𝑅(2016,2018)/𝑀𝑀𝑀𝑀2018
2017 𝑅𝑅(2017,2017)/𝑀𝑀𝑀𝑀2019 𝑅𝑅(2017,2018)/𝑀𝑀𝑀𝑀2019 𝑅𝑅(2017,2018)/𝑀𝑀𝑀𝑀2019
2018 𝑅𝑅(2018,2018)/𝑀𝑀𝑀𝑀2020 𝑅𝑅(2018,2019)/𝑀𝑀𝑀𝑀2020 𝑅𝑅(2018,2020)/𝑀𝑀𝑀𝑀2020
PCF 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀(𝐿𝐿𝐿𝐿𝐿𝐿 1 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉) 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀(𝐿𝐿𝐿𝐿𝐿𝐿 2 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉) 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀(𝐿𝐿𝐿𝐿𝐿𝐿 3 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉)
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Percent Completion Factor (Current)
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Moving to incomplete years:

FYE Estimated Reimbursed Value = 
𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 𝑜𝑜𝑜𝑜 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦 / 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀.𝑃𝑃𝑃𝑃𝑃𝑃
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Time Series Analysis



The Hurdle of Time Series Analysis at Scale
 Time Series need to fill certain basic assumptions
Weak Stationarity – constant mean, constant finite 

variance, minimal skew

 Manual Process: Transformed →
 

metrics are taken 
→

 
compared to original (visually and through metrics) →

 
repeat

 Types of Transformations
 *Differencing 
 Seasonal Differencing 
 *Logarithmic 
 Power
 *Sequences of multiple – i.e. Logarithmic then differencing
 Box-Cox Transformation

 We have over 200 time series to deal with over varying length 
and structure and limited time to do so *https://towardsdatascience.com/stationarity-in-time-series-

analysis-90c94f27322 17



The Solution
Transformation Selection Function 

 Transformations are selected by weighted scores determined in part by 
stationarity, variance and skewness metrics

𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
=  w𝑎𝑎𝑎𝑎𝑎𝑎 ∗ min𝑎𝑎𝑎𝑎𝑎𝑎 − value𝑖𝑖,𝑎𝑎𝑎𝑎𝑎𝑎 + w𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ∗ min𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 − value𝑖𝑖,𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 + w𝑣𝑣𝑣𝑣𝑣𝑣
∗ value𝑖𝑖,𝑣𝑣𝑣𝑣𝑣𝑣  −  max𝑣𝑣𝑣𝑣𝑣𝑣

 The lower the absolute value of the score, the better.

 The further the transformation’s metric is from the best metric for that time 
series, the more it is penalized
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Original Data Transformed Data
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Modeling



ModelTime
 Builds on the well established tidymodels 

ecosystem 

 Brings together classic time series 
functionality, machine learning and deep 
learning

Models chosen using best fit metrics

 Allows for different structures to forecast 
at scale
Global Modeling
Nested (or Iterative) Modeling
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*https://business-science.github.io/modeltime/articles/getting-started-with-modeltime.html 22



ModelTime: 
Nested Objects
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Common Model Structure

Develop a standard recipe for each type of 
model that adapts the series to the necessary 

model inputs

Specify a blueprint for the model to ensure 
optimized analysis. This includes engines and 

hyperparameters.

Bring those two elements into a common 
workflow that is then performed 

iteratively on each time series
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Models Implemented 

ARIMA (Baseline) Exponential 
Smoothing

Arima with 
XGBoost 

Multivariate 
Adaptive 

Regression Spline

Croston 
Exponential 
Smoothing

XGBoost 
(100 iterations)

deepAR H2o
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Example Forecast: Training
HRD – Indian Health Services (Expansion)
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Accuracy table with metrics
HRD – Indian Health Services (Expansion)

*currently model selection is based off the root mean squared error metric
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Best Fit Model Comparison
HRD – Indian Health Services (Expansion)

 RMSE – 
 ARIMA = 11,928,369 
 EARTH = 7,146,898 

 RSQ –
 ARIMA  = 0.68
 EARTH = 0.97
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Example Forecast: Testing
HRD – Indian Health Services (Expansion)
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Power BI Integration



Traditional

31

FY 2026 FY 2027 FY 2026 FY 2027

 Behavioral Health and Developmental 
Disabilities 383,971,138$       395,439,596$       413,957,370$          432,617,636$          
 Senior & Long-Term Care 336,519,345$       345,801,780$       343,753,480$          352,879,407$          
 Health Resources 687,547,602$       708,497,258$       711,452,305$          742,342,324$          

 State Funds 531,068,933$       551,210,722$       552,815,649$          578,187,319$          
 Federal Funds 876,969,153$       898,527,912$       916,347,507$          949,652,047$          

1,408,038,085$   1,449,738,634$   1,469,163,155$      1,527,839,367$      

By DPHHS Division (HB2 Only)

LFD and DPHHS Traditional Medicaid Projection (HB 2 Only)
2027 Biennium - January Projections

LFD DPHHS

By Fund (HB2 Only)

Total

FMAP 2026 FMAP 2027
61.70% 61.47%

*The executive has assumed a FMAP of 61.47% for FFY 2027 in building its budget submission for SFY 2027. If the actual 
FMAP varies from that amount, an impact on the demand for general fund will occur. If the FMAP is lower than 61.47%, 

more general fund will be needed for the state’s Medicaid and CHIP programs.



Expansion
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FY 2026 FY 2027 FY 2026 FY 2027

 Behavioral Health and Developmental 
Disabilities 88,767,255$         91,692,452$         91,786,615$            96,784,765$            
 Senior & Long-Term Care 13,904,046$         14,922,315$         16,130,011$            16,753,483$            
 Health Resources 868,315,675$       891,240,600$       894,305,712$          929,429,878$          

 State Funds 88,865,064$         89,986,025$         92,206,725$            95,638,181$            
 Federal Funds 882,121,912$       907,869,343$       910,015,613$          947,329,945$          

970,986,976$       997,855,368$       1,002,222,338$      1,042,968,126$      

By DPHHS Division

LFD and DPHHS Expansion Medicaid Projection (HB 2 Only)
2027 Biennium - January Projections

LFD DPHHS

By Fund

Total

FMAP 2026 FMAP 2027
90.00% 90.00%



Questions



Sources
• Dancho M (2024). modeltime: The Tidymodels Extension for Time Series 

Modeling. R package version 1.3.0, https://business-
science.github.io/modeltime/, https://github.com/business-science/modeltime.

• Hyndman, R.J., & Athanasopoulos, G. (2018) Forecasting: principles and 
practice, 2nd edition, OTexts: Melbourne, Australia. OTexts.com/fpp2.

• Kuhn M, Wickham H (2020). Tidymodels: a collection of packages for 
modeling and machine learning using tidyverse 
principles.. https://www.tidymodels.org.

• OpenAI. (2024). ChatGPT [Large language model]. https://chat.openai.com
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Appendix A: 
Background Information



Machine Learning Vs. Deep Learning

* https://www.coursera.org/articles/ai-vs-deep-learning-vs-machine-learning-beginners-guide 36



* https://www.coursera.org/articles/ai-vs-deep-learning-vs-machine-learning-beginners-guide
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Appendix B: 
Time Series Analysis
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Time Series Model Components

Trend

ꟷ   Captures the long term

ꟷ  The general tendency of data to increase or decrease over time

ꟷ  General medical inflation is captured under this component

Time

Long-term trend

10
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Time Series Model Components

Cyclical Factors

ꟷ  Medium-term cycles, generally over 2 or more years

ꟷ  Captures the parts of the data which can be explained by other 
cyclical movements in the economy (i.e. unemployment)

ꟷ  Can occur at any time of year; unpredictable

Time

Long-term trend with 
cyclical variations

11
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Time Series Model Components
Seasonality

ꟷ  Captures short-term cycles

ꟷ  The variation in a variable due to some predetermined 
patterns in its behavior; predictable

ꟷ  Repetitive patterns that show up at certain times of the year 
(Ex: Increased hospital expenditures in the winter due to 
influenza)

Time

Long-term trend with 
cyclical and seasonal 

variations

12
41



Time Series Model Components
• Residual Variation

ꟷ  Unpredictable random influences outside of regular patterns; it 
basically captures everything left over after the other three 
components are isolated

ꟷ  Also called random noise or random variation

ꟷ Cannot be replicated by repeating an experiment again

Time

Long-term trend with 
cyclical, seasonal  and 

residual variations
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Key Modeling Assumption

• Stationarity must be satisfied.

•  What does this mean?
  A series whose properties do not depend on the time at which the series is observed.

Or
  The time series must have no predictable patterns in the long term

Mathematically, the mean, variance and autocovariance must remain constant over time
1.  

2.  

3.  
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Transformation Analysis Function: 
Solving for Weights

Variables

Stationarity Metric = 𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎,𝑛𝑛

Variance Metric = 𝑝𝑝𝑡𝑡𝑡𝑡,𝑛𝑛

Skew metric = 𝑠𝑠𝑛𝑛

Stationarity Weight = 𝑤𝑤𝑎𝑎𝑎𝑎𝑎𝑎

Variance Weight = 𝑤𝑤𝑡𝑡𝑡𝑡 = 1

Skew Weight = 𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

 

Assumptions
𝑤𝑤𝑎𝑎𝑎𝑎𝑎𝑎 > 𝑤𝑤𝑡𝑡𝑡𝑡 > 𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

Optimal Metrics – min 𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎 , max 𝑝𝑝𝑡𝑡𝑡𝑡 , min(𝑠𝑠)

𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎,𝑛𝑛 should be between (0.01 and 0.05) ∴ min𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎 −  𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎,𝑛𝑛 ≤  .04

Optimally, 𝑝𝑝𝑡𝑡𝑡𝑡,𝑛𝑛is within .5 of the others ∴ 𝑝𝑝𝑡𝑡𝑡𝑡  −  m𝑎𝑎𝑎𝑎 𝑝𝑝𝑡𝑡𝑡𝑡  ≤  .5
𝑠𝑠2 − 𝑠𝑠1 < 3

𝑊𝑊𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 1 < 𝑊𝑊𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 1
min 𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎 = 𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎,1 

max 𝑝𝑝𝑡𝑡𝑡𝑡 = 𝑝𝑝𝑡𝑡𝑡𝑡,2 
min 𝑠𝑠 =  𝑠𝑠2

Fundamental Equation*
𝑊𝑊𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 𝑤𝑤𝑎𝑎𝑎𝑎𝑎𝑎 min 𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎 −  𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎,𝑛𝑛 + 𝑤𝑤𝑡𝑡𝑡𝑡 𝑝𝑝𝑡𝑡𝑡𝑡  −  m𝑎𝑎𝑎𝑎 𝑝𝑝𝑡𝑡𝑡𝑡 + 𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(min 𝑠𝑠 −  𝑠𝑠𝑛𝑛)

𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(min 𝑠𝑠 −  𝑠𝑠𝑛𝑛)

*Best score is the minimum absolute value of the collection of weighted scores. 44



𝑊𝑊𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 1 < 𝑊𝑊𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 2

𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎,1 < 𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎,2  −  .04 
yields

 𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎,1 − 𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎,2 < −0.04

𝑝𝑝𝑡𝑡𝑡𝑡,1 > 𝑝𝑝𝑡𝑡𝑡𝑡,2 −  .5 
yields

 𝑝𝑝𝑡𝑡𝑡𝑡,1  −  𝑝𝑝𝑡𝑡𝑡𝑡,2 >  −0.5
𝑠𝑠2 < 𝑠𝑠1

We care about the edge case. The problem we need to solve is where skew should make a difference. 

𝑊𝑊1 =  𝑤𝑤𝑎𝑎𝑎𝑎𝑎𝑎 min𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎 −  𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎,1 + 𝑤𝑤𝑡𝑡𝑡𝑡 𝑝𝑝𝑡𝑡𝑡𝑡,1  −  m𝑎𝑎𝑎𝑎 𝑝𝑝𝑡𝑡𝑡𝑡 + 𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 min 𝑠𝑠 −  𝑠𝑠1
𝑊𝑊2 =  𝑤𝑤𝑎𝑎𝑎𝑎𝑎𝑎 min𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎 −  𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎,2 + 𝑤𝑤𝑡𝑡𝑡𝑡 𝑝𝑝𝑡𝑡𝑡𝑡,2  −  m𝑎𝑎𝑎𝑎 𝑝𝑝𝑡𝑡𝑡𝑡 + 𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 min 𝑠𝑠 −  𝑠𝑠2

𝑤𝑤𝑎𝑎𝑎𝑎𝑎𝑎 𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎,1 − 𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎,1 +
1 𝑝𝑝𝑡𝑡𝑡𝑡,1  − 𝑝𝑝𝑡𝑡𝑡𝑡,2 +
𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑠𝑠2 −  𝑠𝑠1  

𝑤𝑤𝑎𝑎𝑎𝑎𝑎𝑎 𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎,1 −  𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎,2
+ 1 𝑝𝑝𝑡𝑡𝑡𝑡,2 − 𝑝𝑝𝑡𝑡𝑡𝑡,2
+ 𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑠𝑠2 − 𝑠𝑠2

<

1 𝑝𝑝𝑡𝑡𝑡𝑡,1  − 𝑝𝑝𝑡𝑡𝑡𝑡,2 + 𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑠𝑠2 −  𝑠𝑠1  𝑤𝑤𝑎𝑎𝑎𝑎𝑎𝑎 𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎,1 −  𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎,2<

1 −0.5 + 𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑠𝑠2 −  𝑠𝑠1  𝑤𝑤𝑎𝑎𝑎𝑎𝑎𝑎 −0.4<

−.5 + 𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑠𝑠2 −  𝑠𝑠1  𝑤𝑤𝑎𝑎𝑎𝑎𝑎𝑎 −0.4<Solution Equation:
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12.5 + 𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 −75  𝑤𝑤𝑎𝑎𝑎𝑎𝑎𝑎<

𝑠𝑠2 − 𝑠𝑠1 < 3
𝑤𝑤𝑎𝑎𝑎𝑎𝑎𝑎 > 𝑤𝑤𝑡𝑡𝑡𝑡 > 𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

12.5 + 𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 (−75) > 𝑤𝑤𝑡𝑡𝑡𝑡 > 𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

12.5 + 𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 (−75) > 1 > 𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

12.5 + 𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 (−75) > 1

𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 −75 >  −11.5

𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 −75
−75 >  

−11.5
−75

𝒘𝒘𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔 < .𝟏𝟏𝟏𝟏�𝟑𝟑
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𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑤𝑤𝑤𝑤 𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘, 𝑤𝑤𝑎𝑎𝑎𝑎𝑎𝑎 > 𝑤𝑤𝑡𝑡𝑡𝑡 > 𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝑇𝑇𝑇𝑇𝑇𝑇𝑇, 𝒘𝒘𝒂𝒂𝒂𝒂𝒂𝒂 > 𝟏𝟏 >.𝟏𝟏𝟏𝟏�𝟑𝟑

Stationarity Weight = 𝑤𝑤𝑎𝑎𝑎𝑎𝑎𝑎 = 5
Variance Weight = 𝑤𝑤𝑡𝑡𝑡𝑡 = 1
Skew Weight = 𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 =  .1

Chosen Weights



Types of Transformations
• Linear transformations are used to make data stationary

• Transformations used in our model:
 Differencing
  𝑦𝑦𝑦𝑡𝑡 =  𝑦𝑦𝑡𝑡  − 𝑦𝑦𝑡𝑡−1
 Logarithmic
 𝑦𝑦𝑦𝑡𝑡 =  log(𝑦𝑦𝑡𝑡)
 Logarithmic differencing
 𝑦𝑦𝑦𝑡𝑡 =  log(𝑦𝑦𝑡𝑡) − log(𝑦𝑦𝑡𝑡−1)
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Accuracy Metrics
• Root Mean Squared Error (RMSE) – measures the average difference between values predicted by a 

model and the actual values. Minimize. Due to squaring the difference, a few large differences will 
increase RMSE to a greater degree than other metrics. 

1
𝑇𝑇
�
𝑖𝑖=1

𝑇𝑇

𝑦𝑦𝑡𝑡  − �𝑦𝑦𝑡𝑡 2

• Mean Absolute Error (MAE) – calculated as the sum of absolute errors divided by the sample size. 
Minimize. Scale dependent. Conceptually simpler than RMSE 

1
𝑇𝑇�
𝑖𝑖=1

𝑇𝑇

𝑦𝑦𝑡𝑡  − �𝑦𝑦𝑡𝑡

• Mean Absolute Percentage Error (MAPE) –  average percent difference from the true value. Various issues 
and not a good choice.

100 ∗
1
𝑇𝑇�
𝑖𝑖=1

𝑇𝑇
𝑦𝑦𝑡𝑡  − �𝑦𝑦𝑡𝑡
𝑦𝑦𝑡𝑡
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• Mean Absolute Scaled Error (MASE) – calculates the mean absolute error of the forecast values, 
divided by the mean absolute error of the in-sample one step naïve forecast. 

1
𝑗𝑗 ∑𝑗𝑗 𝑦𝑦𝑡𝑡  − �𝑦𝑦𝑡𝑡

1
𝑇𝑇 − 1∑𝑡𝑡=2

𝑇𝑇 𝑦𝑦𝑡𝑡 − 𝑦𝑦𝑡𝑡−1
 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀: �𝑦𝑦𝑇𝑇+ℎ|𝑇𝑇 = 𝑦𝑦𝑡𝑡

• Symmetric Mean Absolute Percentage Error (SMAPE) – measure based on percentage (or relative) 
errors. 

100
𝑛𝑛 �

𝑖𝑖=1

𝑇𝑇
𝑦𝑦𝑡𝑡  − �𝑦𝑦𝑡𝑡
𝑦𝑦𝑡𝑡 + �𝑦𝑦𝑡𝑡 2

• Coefficient of Determination (RSQ) –  the proportion of the variation in the dependent variable that is 
predictable from the independent variables. Calculated as 1 minus the sum of squared residuals over 
the total sum of squares. 

1 −
∑𝑖𝑖=1𝑇𝑇 𝑦𝑦𝑡𝑡  − �𝑦𝑦𝑡𝑡 2

∑𝑖𝑖=1𝑇𝑇 𝑦𝑦𝑡𝑡  − �𝑦𝑦𝑡𝑡 2  where �𝑦𝑦 𝑖𝑖𝑖𝑖 𝑡𝑡𝑡𝑡𝑡 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑜𝑜𝑜𝑜 𝑡𝑡𝑡𝑡𝑡 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

A baseline model, which always predicts �𝑦𝑦 will have 𝑅𝑅2 = 0. Models with a worse prediction than this 
baseline will have a negative 𝑅𝑅2.
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Appendix C: 
Model Profiles
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Exogenous Variables by Model
Model Variables
ARIMA None

Exponential Smoothing None

ARIMA with XGBoost Unemployment, Population

Multivariate Adaptive Spline Population

Croston Exponential Smoothing None

XGBoost Unemployment, Population

deepAR -

h2o -
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Auto-Regressive Integrated Moving Average 
[ARIMA(p,d,q)]

�𝑌𝑌𝑡𝑡 =  𝜇𝜇 +  𝜙𝜙1𝑦𝑦𝑡𝑡−1 + ⋯+  𝜙𝜙𝑝𝑝𝑦𝑦𝑡𝑡−𝑝𝑝 − 𝜃𝜃1𝜀𝜀𝑡𝑡−1 − ⋯− 𝜃𝜃𝑞𝑞𝜀𝜀𝑡𝑡−𝑞𝑞 +  𝜀𝜀𝑡𝑡
𝑝𝑝 = 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑜𝑜𝑜𝑜 𝑡𝑡𝑡𝑡𝑡 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 terms

𝑑𝑑 = 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑜𝑜𝑜𝑜 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑞𝑞 = 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑜𝑜𝑜𝑜 𝑡𝑡𝑡𝑡𝑡 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 

• ARIMA is  a combination of both auto regressive and moving average time series models. In autoregressive 
models, the variable is forecasted using a linear combination of past values of the variable. Moving average 
models use past forecast errors in a regression-like model where 𝜀𝜀𝑡𝑡  is white noise. Because we do not observe 
𝜀𝜀𝑡𝑡, it is not a regression in the usual sense. 

• Integration is the reversal of differencing following the forecast.
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Seasonal ARIMA Model
• A combination of two statistical models: a generalized auto-regressive (AR) model integrated (I) with a 

generalized moving average (MA) model and a seasonal component.

AR(p)

 Uses previous 
data values to 
make 
predictions

Integrated (I)

 Uses 
differenced data 
to help satisfy 
statistical 
assumption of 
stationarity

MA(q)

 Uses the series 
mean and 
previous errors 
to make 
predictions

Seasonal 
Component

 A correction for 
when the data 
shows a regular 
or predictable 
pattern that 
repeats over a 
calendar year

14
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Exponential Smoothing
• Rather than considering all observations equally important, forecasts are calculated using weighted averages, 

where the weights decrease exponentially as observations come from further in the past

�𝑦𝑦𝑇𝑇+1|𝑇𝑇 =  𝛼𝛼𝑦𝑦𝑡𝑡 +  𝛼𝛼 1 − 𝛼𝛼 𝑦𝑦𝑇𝑇−1 +  𝛼𝛼(1 − 𝛼𝛼)2𝑦𝑦𝑇𝑇−2 +  … + 𝛼𝛼(1 − 𝛼𝛼)𝑛𝑛𝑦𝑦𝑇𝑇−𝑛𝑛

𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 0 ≤  𝛼𝛼 ≤ 1 

If 𝛼𝛼 is close to 1, more weight is given to the more recent observations. If 𝛼𝛼 is close to 0, more weight is given to 
observations from the more distant past.
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ETS Model Notation Breakdown
• Error (E): Describes the error term in the model. 

 A: Additive Error
 M: Multiplicative Error

• Trend (T): Represents the trend component.
 A: Additive Trend
 M: Multiplicative Trend
 N: No Trend

• Seasonality (S): Captures the seasonal pattern.
 A: Additive Seasonality
 M: Multiplicative Seasonality
 N: No Seasonality

55

• Additive Components (A): Amplitude of the 
component (E,T,S) is constant

• Multiplicative Components (M): Amplitude of 
the component (E,T,S) increases with the 
increase of the level of the data
 For example, a multiplicative trend means the data 

exhibits exponential growth or decay

*https://openforecast.org/adam/ETSTaxonomy.html



Extreme Gradient Boosting (XG Boost)
• Scalable version of Gradient Boosting Decision Trees (GBDTs) built in parallel 

instead of sequentially
 GBDTs – iteratively train an ensemble of shallow decision trees, with each iteration using the error 

residuals of the previous model to fit the next model. Final predictions are weighted sums of all 
the tree predictions. Random forest “bagging” minimizes variance and overfitting. While 
“boosting” minimizes the bias and underfitting. 
 Boosting – improving a single weak model by combining it with a number of other weak models in order 

to generate a collectively strong model. 
 Gradient boosting – boosting formalized as a gradient descent algorithm over an objective function. Sets 

targeted outcomes for the next model in an effort to minimize error where the targeted outcome is based 
on the gradient of the error with respect to the prediction

 Bagging – build decision trees from random bootstrap samples of the data set. The final prediction is an 
average of all the decision tree predictions

56XGBoost from https://www.nvidia.com/en-us/glossary/xgboost/ 

https://www.nvidia.com/en-us/glossary/xgboost/
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Multivariate Adaptive Regression Splines
𝑓𝑓 𝑥𝑥 =  �

𝑖𝑖=1

𝑘𝑘

𝑐𝑐𝑖𝑖𝐵𝐵𝑖𝑖(𝑥𝑥)

Each 𝑐𝑐𝑖𝑖  is a constant coefficient. The model is a weighted sum of basis functions 𝐵𝐵𝑖𝑖(𝑥𝑥) that can 
take one of three forms:

1. A constant 1. There is only ever one such term and that term is the constant.

2. A hinge function has the form 𝑚𝑚𝑚𝑚𝑚𝑚(0, 𝑥𝑥 − 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) or 𝑚𝑚𝑚𝑚𝑚𝑚(0, 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 − 𝑥𝑥). The 
model selects variables and values of those variables for knots of the hinge functions.

3. A product of two or more hinge functions which can model interaction between two or 
more variables

How it works?

Repeatedly adds pairs of basis functions and finds the basis function that gives the minimum 
reduction in sum-of-squared residual error. The pair is identical except that a different side of 
the mirrored hinge function is used for each function. Each new basis function consists of a 
term already in the model multiplied by a new hinge function. This continues until the change 
in residual error is too small to continue or a maximum number of terms is reached. 59



Croston Exponential Smoothing
𝑖𝑖𝑖𝑖 𝑑𝑑𝑡𝑡 > 0, 𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑎𝑎𝑡𝑡+1 =  𝛼𝛼𝑑𝑑𝑡𝑡 + 1 − 𝛼𝛼 𝑎𝑎𝑡𝑡

𝑖𝑖𝑖𝑖 𝑑𝑑𝑡𝑡 = 0, 𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑎𝑎𝑡𝑡+1 =  𝑎𝑎𝑡𝑡

𝑎𝑎𝑡𝑡 = level estimate

𝑑𝑑𝑡𝑡 = actual demand observations

0 < 𝛼𝛼 < 1 where 𝛼𝛼 is a learning parameter that allocates more or less importance to the most 
recent observations or the historical ones.
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Deep-learning Auto-Regressive
“DeepAR trains a model by randomly sampling several training examples from each of the time series in the 
training dataset. Each training example consists of a pair of adjacent context and prediction windows with fixed 
predefined lengths. The look_backhyperparameter controls how far in the past the network can see, and the 
prediction_length hyperparameter controls how far in the future predictions can be made.”

61How the DeepAR Algorithm Works from https://docs.aws.amazon.com/sagemaker/latest/dg/deepar_how-it-works.html
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