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General Approach




2013 LFD Biennial
Medicaid Model

= Did not include Medicaid
Expansion

= QOver 5,000 lines of code and
manual adjustments required

= ARIMA model implemented
throughout




Includes Medicaid Expansion

Flexibility when new providers are added

Tightened up the percent completion factor

Quality of Life improvements

C rrent ¢ ~30% of the previous model length
u e Zero manual inputs and automated wherever possible
e Prioritized Readability

Cap abilities e Steps documented throughout

e Fails gracefully
e Significantly less processing time for significantly more computations

Exogenous predictors
Multiple different models implemented

Model Selection based on best fit




Data Driven

e Historical
Expenditures

e Macro-economic
inputs

Method Driven

e \arious robust
methodologies
implemented

e Method chosen by
best-fit metrics

General Approach

Quality Driven

e Flexible
e Automated
e Quick

e Well visualized
output




R Software R

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



https://www.r-project.org/about.html

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




Enrollment as a Predictor?

Enroliment by Program

Program Key
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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




The Challenge of Incomplete Data

f/

&

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

Goal: Compare
historical data at

different points in the same service each month
) : : most recent
time month at different across all fiscal .
: reporting data
reporting months years

2. Find the
median of those
percentages for

1. Calculate
completion
percentages for

3. Apply this
median
percentage to the




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)

R(service vear, Report vear) = FYE Reimbursed Value indexed by Serv.FY and Rep.FY
MCyc Report year= service vear+2) = Most Complete Reimbursed Value indexed by FY

2015 R(2015,2015)/MC2017 R(2015,2016)/MC2017 R(2015,2017)/MC3017
2016 R2016,2016)/MC2018 R(2016,2017)/MCz0138 R(2016,2018)/MC3018
2017 R(2017,2017)/MC2019 R(2017,2018)/MC2019 R(2017,2018)/MC2019
2018 R(2018,2018)/MC2020 R(2018,2019)/MC2020 R(2018,2020)/M C2020
PCF Median(Lag 1 Values) Median(Lag 2 Values) Median(Lag 3 Values)

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




Percent Completion Factor (Current)

Months since Quarter Star 0 1 2 3 4 5 [ 7 8 9 10 11 12 13-18 19-24 24+
Lag Lag O Lag_1 Lag_2 Lag_3 Lag_4 Lag_5 Lag_B Lag_7 Lag_8 Lag_9 Lag_10 Lag_11 Lag_12 Lag_13 Lag_14 Lag_Complete

FiscalDOS. FiscalDOS.
Year Quarter Corresponding Report Month

2014 1 2014-01-01 2014-02-01 2014-03-01 2014-04-01 2014-05-01 2014-06-01 2014-07-01 2014-08-01 2014-09-01 2014-10-01 2014-11-01 2014-12-01 2015-01-01 2015-07-01 2016-01-01 2016-02-01
Report Month 2014 2 2014-04-01 2014-05-01 2014-06-01 2014-07-01 2014-08-01 2014-09-01 2014-10-01 2014-11-01 2014-12-01 2015-01-01 2015-02-01 2015-03-01 2015-04-01 2015-10-01 2016-04-01 2016-05-01
Corresponding to 2014 3 2014-07-01 2014-08-01 2014-09-01 2014-10-01 2014-11-01 2014-12-01 2015-01-01 2015-02-01 2015-03-01 2015-04-01 2015-05-01 2015-08-01 2015-07-01 2018-01-01 2016-07-01 2016-08-01
each lag 2014 4 2014-10-01 2014-11-01 2014-12-01 2015-01-01 2015-02-01 2015-03-01 2015-04-01 2015-05-01 2015-06-01 2015-07-01 2015-08-01 2015-09-01 2015-10-01 2016-04-01 2016-10-01 2016-11-01
Reimbursed 2014 1 200 300 400 500 800 900 1000 1000 1000 1000 1000 1000 1000 1000 1000 1000
amount at each 2014 2 500 700 800 1000 1000 1000 1000 1000 1000 1000 1000 1000 1000 1000 1000 1000
respective lag - 2014 3 100 300 400 600 800 1000 1000 1000 1000 1000 1000 1000 1000 1000 1000 1000
Provider Type A 2014 4 500 700 800 1000 1000 1000 1000 1000 1000 1000 1000 1000 1000 1000 1000 1000
2014 1 0.20 0.30 0.40 0.50 0.80 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
2014 2 0.50 0.70 0.80 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
2014 3 0.10 0.30 0.40 0.60 0.80 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
2014 4 0.50 0.70 0.80 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
2015 1 0.30 0.39 0.48 0.57 0.83 0.91 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
2015 2 057 0.74 0.83 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
2015 3 0.22 0.39 0.48 0.65 0.83 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
2015 4 057 0.74 0.83 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
2016 1 0.26 0.35 0.44 0.53 0.81 0.91 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
2018 2 053 0.72 0.81 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.
Percent Complete - 2016 3 0.16 0.35 0.44 0.63 0.81 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.
Provider Type A 2016 4 053 0.72 0.81 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.
1 0.26 0.35 0.44 0.53 0.81 0.91 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.
Percent Completion 2 053 0.72 0.81 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.
Factor - For 3 0.16 0.35 0.44 0.63 0.81 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1
Provider Type A 4 053 0.72 0.81 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1



Provider.Type * ServiceFiscalQuart * MedianPct 00 - Median.Pct 01 ° MedianPct 02 - MedianPct 03 ° MedianP 04 - MedianPct 05 - MedianPdd 06 ~ Median.Pct 07 - MedianPct 08 ~

LASE MAMALENEN | - MEM IAL MEALIR (F10U) £ UL 153 L3254 LB UL =454 | FETELE LS oY UMSS o UA05 F [TECTEE:
CASE MANAGEMENT - MEMTAL HEALTH (PT60) 3 0.04287 0.34627 0.65860 0.96858 0.97819 0.98697 0.99349 0.99515 0.99620
CASE MAMNAGEMENT - MEMTAL HEALTH (PT60) 4 0.05378 0.38418 0.68823 097047 0.98760 0.99059 0.99301 0.99501 099673
CRITICAL ACCESS HOSPITAL (PT74) 1 0.04276 0.33038 064318 0.89303 0.93975 0.96394 0.97765 098191 098878
CRITICAL ACCESS HOSPITAL (PT74) 2 0.06947 0.36025 0.69323 0.90706 0.95836 0.97383 0.97489 098733 0.98983
CRITICAL ACCESS HOSPITAL (PT74) 3 0.03588 0.31543 0.64435 038202 094434 0.97364 0.98683 0.99321 099514
CRITICAL ACCESS HOSPITAL (PT74) 4 0.08040 040735 0.66007 0.89560 0.95697 0.98970 0.99266 0.99930 0.99930
FEDERALLY QUAL HEALTH CENTER (PT56) 1 0.11610 0.38633 0.69229 0.88965 0.93878 0.94679 0.95145 0.96238 096345
FEDERALLY QUAL HEALTH CENTER (PT56) 2 0.14096 040295 0.70561 0.50904 083814 0.87108 0.92282 0.97336 098397
FEDERALLY QUAL HEALTH CENTER (PT56) 3 010717 0.34021 065102 0.82550 0.92576 0.94517 0.95196 0.96145 098911
FEDERALLY QUAL HEALTH CENTER (PT56) 4 0.13194 0.45080 0.72833 091272 0.93591 0.96563 0.97369 0.98421 098947
HOSPITAL - IMPATIEMT (PTO1) 1 0.04778 028993 0.56461 0.85420 0.93328 0.94955 0.97562 0.98348 0198454
HOSPITAL - IMPATIEMT (PTO1) 2 0.05608 031906 062151 0.87338 0.92048 0.95398 0.97403 097673 0.98332
HOSPITAL - INPATIENT (PTO1) 3 0.04400 0.28151 0.59997 091895 0.96238 0.97740 0.98363 0.98612 0.99008
HOSPITAL - INPATIENT (FTO1) 4 0.03363 0.28407 063142 091162 0.97493 0.97424 0.98173 0.990438 0.99298
HOSPITAL - OUTPATIENT {PTO2) 1 0.04292 0.34588 061224 089473 0.894703 0.96006 0.97609 0.98330 099115
HOSPITAL - OUTPATIENT {PTO2) 2 0.04966 032180 061012 0.88588 0.93797 0.96704 0.97613 0.95965 0.99040
HOSPITAL - OUTPATIENT (PTO2) 3 0.054583 0.28549 0.58491 Q88549 0.92753 0.95476 0.96719 0.96489 0.98302

Moving to incomplete years:

FYE Estimated Reimbursed Value =
Lagged Data of incomplete years / Relevant Median. Pct




Time Series Analysis
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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 Pt

Het =jd ==t dda b e gi s adln -

Manual Process: Transformed — metrics are taken | |

— compared to original (visually and through metrics) — foet="y N
L d
stalonarymean
repe at non-stationary variance

Types of Transformations
*Differencing

.

Seasonal Differencing non-stationary mean
*Logarithmic """""""""""""" stationary variance
Power

*Sequences of multiple —i.e. Logarithmic then differencing stationary mean

. stationary variance
Box-Cox Transformation

We have over 200 time series to deal with over varying length
.. . *https://towardsdatascience.com/stationarity-in-time-series-
and structure and limited time to do so analysis.90cO4f27322



The Solution

Transformation Selection Function

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

weighted score

= Wgadr * (minadf _ Valuei,adf) T Wogew * (mlnskew _ Valuei,skew) + Wyar
* (Valuei,var — maxvar)

= 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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Modeling
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SS——

/tidymodels

_
- i

modeltime
ensemble

ModelTime

A liur . - Builds on the well established tidymodels
Sl )  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




MODELTIME

modeltime_table() modeltime_calibrate() modeltime_refit()

# Modeltime Table s Tl # Modeltime Teble
model_id .model

modsl_Ld . »odel mgabe] _deid

ARIMA(S, X . 0)08,0.0)

ARIMA(S, 1, 2)08,1,0)[12) W/ NGBOOST ERRORS
ETS(M &, &)

LM

EARTH

modeltime_forecast()

modeltime_forecast() modeltime_accuracy()
\ ggs
ilis I [ ]
| 1'% |

table_modeltime_accuracy()

plot_modeltime_forecast()
plot_modeltime_forecast()




r

Provider Index .actual data

1 varighie
1 variahie
1 varighie
1 variahie
1 variable
1 variahle
1 variable
1 variahie
1 variable
1 variahie
1 variable
1 variabie

1 variahie

4k

Juture data

1 variable
1 variable
1 variable
1 variable
1 variahle
1 variahle
1 variahle
1 variahle
1 variahle
1 variahle
1 variahle
1 variahle
1 variahle

ok
L2

Splits




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




Models Implemented

ARIMA (Baseline)

Multivariate
Adaptive
Regression Spline

Exponential
Smoothing

Croston
Exponential
Smoothing

Arima with
XGBoost

XGBoost
(100 iterations)




Example Forecast: Training
HRD - Indian Health Services (Expansion)

Forecast Plot

e el Legend
ACTUAL
& 0e+07 1_ARIMA
5_EARTH
2 5e+07 2_ARIMA W ¥XGBOOST ERRORS
4 ARIMA W XGBOOST ERRORE
0.0e+00 2_ETSAMNA
10 XGBOOST
-2 5e+(7

207

[

2020 2022 2024

Provider_Index 25




Accuracy table with metrics
HRD - Indian Health Services (Expansion)

Provider | .model id .model de type mae mape mase smape rmse
Index sC

89 6 XGBOOST  Test 11519160.82 100 0.54 200 16162960
89 5 XGBOOST  Test 11509968 81 96.34 0.54 1798 1616439081
89 4 NULL

89 3 EARTH Test 1166513082 180.03 0.53 16126 1620673561
89 2 ETSANA Test 4975749 66 147 45 0.23 8984  T146896.73
89 1 ARIMA Test 7154718 86 28374 0.34 11563 1192836963

*currently model selection is based off the root mean squared error metric




Best Fit Model Comparison
HRD - Indian Health Services (Expansion)

Forecast Plot

7 5e+07 Leéreﬂd
ACTUAL
— _ARIMA
= RMSE —
= ARIMA = 11,928,369 —
= EARTH =7,146,898
= RSQ - 0.0e+00 2_ETSANA
= ARIMA =0.68
= EARTH =0.97 ~2.5e+07

2018 2020 2022 2024

Provider_Index &%




Example Forecast: Testing
HRD - Indian Health Services (Expansion)

Forecast Plot

89
Legend
ACTUAL
2e+07 | 2_ETSANA
Oe+00
e+07
2020 2025

Provider Index &0




Power BI Integration
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FMAP 2026 FMAP 2027
T d o 1 61.70% 61.47%
LFD and DPHHS Traditional Medicaid Projection (HB 2 Only)
2027 Biennium - January Projections
LFD DPHHS
FY 2026 FY 2027 FY 2026 FY 2027
By DPHHS Division (HB2 Only)
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
By Fund (HB2 Only)
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
Total $ 1,408,038,085 $ 1,449,738,634 $ 1,469,163,155 $ 1,527,839,367

*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.




FMAP 2026 FMAP 2027
90.00% 90.00%

Expansion

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

LFD DPHHS
FY 2026 FY 2027 FY 2026 FY 2027

By DPHHS Division

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 $ 868,315675 $ 891,240,600 $ 894,305,712 $ 929,429,878
By Fund

State Funds $ 88,865,064 $ 89,986,025 $ 92,206,725 $ 95,638,181

Federal Funds $ 882121912 $§ 907,869,343 $ 910,015,613 $ 947,329,945

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




Questions
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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.

OpenAl. (2024). ChatGPT [Large language model]. https://chat.openai.com



https://github.com/business-science/modeltime
https://www.tidymodels.org/
https://chat.openai.com/

Appendix A:
Background Information




Machine Learning Vs. Deep Learning

g

Artificiatintetligence =

Artificial intelligence uses computer
science and data to enable problem
ving in machines

Machine learning refers to the study of
computer systems that learn and adapt
automatically from experience, without
being explicitly programmed

Deep learning is a machine learning
technique that layers algorithms and
computing units—or neurons—into
artificial neural networks that mimic the
human brain

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




Machine learning Deep learning

A subset of Al A subset of machine learning

Can train on smaller data sets Requires large amounts of data

Requires more human intervention to correct and learn Learns on its own from environment and past mistakes
Shorter training and lower accuracy Longer training and higher accuracy

Makes simple, linear correlations Makes non-linear, complex correlations

Can train on a CPU (central processing unit) Meeds a specialized GPU (graphics processing unit) to train

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




Appendix B:
Time Series Analysis
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Time Series Model Components

Trend
Captures the long term
The general tendency of data to increase or decrease over time

General medical inflation is captured under this component

Long-term trend

Time




Time Series Model Components

Cyclical Factors
Medium-term cycles, generally over 2 or more years

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

Can occur at any time of year; unpredictable

Time

Long-term trend with
cyclical variations




Time Series Model Components

Seasonality
Captures short-term cycles

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

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




Time Series Model Components

Residual Variation

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

Also called random noise or random variation

Cannot be replicated by repeating an experiment again

Long-term trend with
cyclical, seasonal and
residual variations

Time




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

Elyl = Ely ]
var(y) = var(ka)

cov(y,y,,,) = cov(y, .,y

t4+i 7 t+k+i

)




Transformation Analysis Function:
Solving for Weights

Variables Assumptions

Wadf > Wiy > Wskew
Stationarity Metric = pgar
Optimal Metrics — min(padf) ,max(ps,), min(s)
variance Metric = pry,n Dadfn Should be between (0.01 and 0.05) «- minpggr — Paagn < .04

Skew metric = s, Optimally, pyy, nis within .5 of the others . p;;, — maxpy, < .5

: : : S, —51 <3
Stationarity Weight = w4 W 2 1 <1 W .
score score
Variance Weight = wy,, = 1 MiNPgafr = Padf1
_ maxpey = Ptv,2
Skew Weight = wgyon mins = s,

Fundamental Equation*

Wscore = Wadfr (min Paar — padf,n) + Wty (Dry — Max pyy) + Wegew (mins — sy)
Wskew (Mins — sy)

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




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

Wscore 1 < Wscore 2

yields
padf,l < padf,z — .04 I padf,l - padf,z < —0.04
yields
ptv,l > ptv,z — .5 EE— ptv,l - ptv,z > —0.5

W; = Wadf(rnin Padf — padf,l) + th(ptv,l — max ptv) + Wsgew (mins — s;)
W, = Wadf(min Padf — padf,z) + th(ptv,z — max ptv) + Wskew(mins — s;)

Wadf(p&ajt,—} p&a—f—,—}) + < Wadf(padf,l - padf,z)

1 (ptv,l — ptv,z) + +1 (pt:vpé pw,—&)

Wkew (S2 — S1) + Werrew Sz —52)
1 (ptv,l — ptv,z) + Wkew(S2 — 51) < Wadf(padf,l - padf,z)
1(=0.5) + wggew (s — s1) < Wadf(_0-4)

Solution Equation: -5+ Wskew(SZ - 51) < Wadf(—0.4)




S, —§ <3
Wadr = Wey > Wskew

125 + Wskew(_75) < Wadf

12.5 + Wsgew (=75) > Wiy > Wegew
12.5 + wegew (—75) > 1 > Wekew
12.5 + Weppy (=75) > 1
Werew (=75) > —11.5

Wskew (_75) > —11.5
—75 —75
Wskew < . 15§

Since we know, Wadf > Wy > Wskew

Then, Wadf > 1 >. 15§

Stationarity Weight = wy4r = 5
Chosen Weights | Variance Weight =w,,, = 1
Skew Weight = wgy,, = .1




Types of Transformations

Linear transformations are used to make data stationary

Transformations used in our model:
Differencing

Ve= Ve — Vi1
Logarithmic
y'e = log(yy)

Logarithmic differencing
V't = log(yt) —log(ye-1)




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.

T
1
TZ(% — 9¢)?
V i=1

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

T
1 A\
TZb’t — Vel
=1

Mean Absolute Percentage Error (MAPE) — average percent difference from the true value. Various issues

and not a good choice.
T
100 ! z
* —
T 4
i=1

Vi — Ve
Yt




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 naive forecast.

1 ~
72j|J’t — Vel

1
T —1 Yi=2ye = Vel

Naive Method: Y1 pr = Yt

Symmetric Mean Absolute Percentage Error (SMAPE) — measure based on percentage (or relative)

errors.
1002
(|J’t| + |3’t|)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.
T 52
1-— ;,_1(% 3_,t)2 where y is the mean of the observed data
i—1(Ve —¥e)

A baseline model, which always predicts ¥ will have R?> = 0. Models with a worse prediction than this
baseline will have a negative R?.




Appendix C:
Model Profiles
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Exogenous Variables by Model

ARIMA None

Exponential Smoothing None

ARIMA with XGBoost Unemployment, Population
Multivariate Adaptive Spline Population

Croston Exponential Smoothing None

XGBoost Unemployment, Population
deepAR -

h20 -




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

Vi=u+ o1y +- 4 GpYVi—p — 01621 — = 0g&t_qg + &
p = order of the autoregressive terms
d = order of dif ferencing that takes place
q = order of the moving average terms

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 &, is white noise. Because we do not observe
&, itis not a regression in the usual sense.

Integration is the reversal of differencing following the forecast.




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.

v’ Uses previous v Uses v’ Uses the series v" A correction for
data values to differenced data mean and when the data
make to help satisfy previous errors shows a regular
predictions statistical to make or predictable

assumption of predictions pattern that
stationarity repeats over a

calendar year




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

Vreyr = aye + a(l—a)yr_1 + a(l—a)’yr_, + .. +a(l —a)*yr_y

where) < a <1

If a is close to 1, more weight is given to the more recent observations. If « is close to 0, more weight is given to
observations from the more distant past.




ETS Model Notation Breakdown

Error (E): Describes the error term in the model.
A: Additive Error

M: Multiplicative Error

Additive Components (A): Amplitude of the

component (E,T,S) is constant
Trend (T): Represents the trend component.

A: Additive Trend Multiplicative Components (M): Amplitude of
M: Multiplicative Trend the component (E,T,S) increases with the
N: No Trend increase of the level of the data
For example, a multiplicative trend means the data
Seasonality (S): Captures the seasonal pattern. exhibits exponential growth or decay
A: Additive Seasonality \
M: Multiplicative Seasonality

N: No Seasonality

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



Extreme Gradient Boosting (XG Boost)

Scalable version of Gradient Boosting Decision Trees (GBDTSs) 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

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



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

Hyperparameter

Description

learning_rate (eta)

Controls the step size at each iteration to prevent
overfitting. Lower value requires more trees.

n_estimators

NMumber of boosting rounds or trees to build. Too many
may lead to overfitting.

max_depth

Maximum depth of a tree. Increasing this value makes the
model more complex.

min_child_weight

Minimum sum of instance weight needed in a child. Higher
values prevent learming specific relations.

subsample

Fraction of training data sampled for each tree. Prevents
overfitting, but too low can cause underfitting.

colsample_bytree

Fraction of features sampled for each tree. Similar to
max_features in RandomForest.

gamma (min_split_loss)

Minimum loss reduction required for a further partition on
a leaf node. Higher values make the model conservative.

reg_lambda

L2 regularization term on weights. Increasing it makes the
model more conservative.

reg_alpha

L1 regularization term on weights. Helps in preventing
overfitting.




Multivariate Adaptive Regression Splines

o0 = ) aBix)
i=1
Each c; is a constant coefficient. The model is a weighted sum of basis functions B;(x) that can
take one of three forms:

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

A hinge function has the form max(0,x — constant) or max(0, constant — x). The
model selects variables and values of those variables for knots of the hinge functions.

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.




Croston Exponential Smoothing

if dq > 0,thena;; = ady + (1 — a)a;
if di =0,then a1 = a;

a; = level estimate

d; = actual demand observations

0 < a < 1 where a is a learning parameter that allocates more or less importance to the most
recent observations or the historical ones.




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.”

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