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Chapter Intended Objectives

1. Understand the concepts of simple and multiple linear regression in
healthcare settings.

2. Learn the steps involved in performing regression analysis, including
preparing data and interpreting results.

3. Explore the applications of regression models, including assessing
significant associations and making predictions.

4. Analyze case scenarios to apply regression models to real-world

\_ healthcare problems.
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1. Simple Linear Regression
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Chapter Simple Linear Regression
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» Simple linear regression examines the relationship between

two numerical variables.
» Key assumptions:
= Data points should roughly align along a straight line.

= Random scatter around the line with no extreme outliers.




Steps in Performing Regression
Analysis

Chapter
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1. Prepare data: Two columns for X
(independent) and Y (dependent).

2. Set variables: Assign roles for X and

Y.




Steps in Performing Regression
Analysis
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3. Use software to:

 Generate graphs and residual plots.
 Provide regression table and

goodness-of-fit measures.
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Chapter Interpreting the Results
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A. Scatter plot: Visual trend between X and Y.
= p-value for intercept & slope:
< 0.05: Significant association between X and Y.
« 2 0.05: No conclusive evidence of association.
B. Goodness-of-fit: Evaluates how well the model fits the

data.
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Chapter Predictive Model Y 4
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» Regression equation: Y =a + bX.

» Use to predict Y based on X values.

» Residual standard error: Measures prediction

accuracy.
y Y,




Case Example: Weight and Blood M'QOQEA|
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» Hypothesis: Higher weight is associated with higher BP.

» Observations:

Low weight » Low BP (lower-left of scatter plot).

High weight » High BP (upper-right of scatter plot).

> Example regression equation: BP =76.9 + 0.487 x Weight.
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» An insurance company wants to estimate a patient's monthly
healthcare costs based on the number of chronic conditions
they have. Using patient data, they build a regression model
where monthly healthcare cost (in dollars) is the dependent
variable and the number of chronic conditions is the

independent variable.
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Mixed Models  Regression  Frequencies

T-Tests ANOVA

2 150 150000
3 0 520300
4 160 100150
5 w2 534600
6 | 277 | 200000
7 | 310 ' 220000
8 268 130620
9 I 235300
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Linear Regression
Logistic Regression
Generalized Linear Model
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Linear Regression
Logistic Regression
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v Generalized Linear Model
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Dependent variable

/' monthly healthcare cost (§) -
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Generalized Linear Model

Model Summary - monthly healthcare cost (8] -

Model Deviance AlC BIC df
Hq Jpagxq0ttt 244350 244744 2
H; 1390=10*1T 242215 242800 7
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Eimate ~ StandardEmor )
ntercept) 11442300 104310040 -0514 084
number of chronic condifons  1463.124 et 200 0083
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Case Scenario (1)

» The regression model's p-values indicate the

following:

= Model (p = 0.083): No significant overall relationship
between the number of chronic patients and
monthly healthcare costs.

= |[ntercept (p = 0.584): Baseline costs when chronic

conditions are zero are not statistically reliable.




Case Scenario (1)

» Number of Chronic Conditions (p = 0.083): It does not
provide strong evidence of a meaningful relationship
with monthly healthcare costs.

> Implication:

= The model is not reliable for estimating monthly
healthcare costs based solely on the nhumber of

chronic conditions.
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2. Multiple Linear
Regression




What is Multiple Linear 1D
Chapter Regression?

» A statistical method to model the relationship between a
dependent variable and multiple predictors.
» Used to predict an outcome variable based on multiple input

variables.

» Extends simple regression by incorporating multiple

independent variables.
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Key Terms
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> Dependent Variable: The outcome [DHEONT CAUSE
VIRIABLE

variable being predicted. lO
» Independent Variables: Predictors that
DEPENDENT (]
influence the dependent variable. VAR\ABL
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» Intercept: The predicted value when all

Y-axis
predictors are zZero.

» Coefficients: Represent the change in the

dependent variable for a one-unit change
Yeaxis

in a predictor, holding others constant.




Linear
Regression

Multiple
Linear
Regression
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Chapter Formulas and

10 lrterpretation N

» General Model: Y = 0 + 1X1 + B2X2 + ... + fnXn
» Coefficients (B): Reflect the impact of each predictor.
» Constant Term (B0): Baseline prediction (Intercept).

» Example: Y =a + bX1 + cX2 predicts Y using X1 and X2.
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Applications of Multiple Linear
Regtesston N
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» Assessing sighificant associations.

» Making predictions and forecasting.

» Deriving values of parameters with practical meanings.
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Interpreting the Results

»The P-value in the context of
multiple linear regression results
evaluates the statistical significance

of the coefficients and the overall

model.

\_



Interpreting the Results MIDOCEA|
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1. R-squared:
 Role: The p-value is indirectly related to R? through the F-
test, which tests the overall model fit.
* Interpretation: A small p-value for the F-test indicates
that the model as a whole is significant, meaning at least

one predictor explains a significant portion of the

. variance in the dependent variable. y




Interpreting the Results MIDOC%EA|
Chapter . P-values

\

2. Intercept:

* Role: Tests whether the intercept is significantly different
from zero.

* Interpretation: A small p-value (<0.05) suggests that the
intercept has a meaningful contribution, though its

practical importance depends on the context of the

\ predictors. Yy




Interpreting the Results MIDOCE,
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1. R-squared (Coefficient of Determination):
* Definition: Represents the proportion of variance in the
dependent variable explained by the predictors.
* Interpretation: Higher values (closer to 1) indicate a
better fit of the model to the data.




Interpreting the Results 1D
Chapter II. RZ & Coefficients

2. Intercept (Constant Term):

 Definition: The predicted value of the dependent variable when all
predictors are zero.
* Interpretation: Serves as the baseline prediction; its relevance

depends on whether a zero value for predictors is meaningful.
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3. Coefficients of Multiple Predictors:

« Definition: Measure the change in the dependent variable for a one-
unit change in the predictor, holding other predictors constant.

* |Interpretation: Positive coefficients indicate an increase, and negative
coefficients indicate a decrease in the outcome variable with an

increase in the predictor.
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» A hospital administrator wants to predict the length of stay (LOS) of
patients. Using historical data, the regression model includes the following
predictors:

= Dependent Variable (Y): Patient’'s length of stay (LOS)

= Independent Variables (X): Patient age, number of chronic conditions,

and years of suffering comorbidities.

= Question: How can the results the guide number of assigned beds for

each department?




/ Patient age

/ Number of chronic conditions

l Years of suffering comorbidities
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- EditData ~ Descriptives  T-Tests ~ ANOVA  Mixed Models = Regression N Frequencies
h l LOS , Patient age , Number of chronic conditions , Years of sufiering comorbidi || . ¥
+ Classical
1|5 48 2 7
Correlation
2 |7 52 3 6 Linear Regression
3 | 14 76 4 11 Logisic Regrassion
Generalized Linear Model
4 | 1 67 2 12
+
5 | 19 82 3 14 *“. Bayesian
g | 10 66 4 12 Correlation
7 s 58 3 10 Linear Regression
Logistic Regression
8 |9 64 5 9
\ g | 13 73 2 15
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v Generalized Linear Model

Dependent variable
s 4
Covariates

; / Patentage

/' Number of chronic conditons
/ Years of suflring comorbidtes
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Model Summary - LOS
Model Deviance AlC BIC df HE
H; 142.000 54 368 54 763 b
H; 5108 30.443 31.429 5 136.892
Coefficients
Estimate Standard Error t
{Intercept) -13.544 -h. 752
Fatient age 0492 6.333
Mumber of chronic conditions -0.870 0.427 -2.038

; Years of suffering comorbidities -0.479 0.286 —1.677
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1|5 48 2 7
Correlation
2 |7 52 3 6 Linear Regression -
3 | 14 76 4 11 Logisic Regrassion
Generalized Linear Model
4 | 1 67 2 12
+
5 | 19 82 3 14 *“. Bayesian
g | 10 66 4 12 Correlation
7 s 58 3 10 Linear Regression
Logistic Regression
8 |9 64 5 9
\ g | 13 73 2 15
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v Linear Regression (RN - NON i Mx

Dependent Variable

> / Los -

Method
Enter v

Covariates

> 4 Patientage
¢ Number of chronic conditions
4 VYears of suffering comorbidities
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Linear Regression

Model R R® Adjusted R® RMSE

Mo 0.000 0.000 0.000 4.213

M, 0.982 0.964 -.942 1.011

Note. My includes Patient age., Number of chronic conditions, Years of -
suffering comorbidities




Case Scenario (2)

» The regression model is statistically significant (p < 0.001) and
explains a very high proportion of the variability in length of stay
(LOS), (R*=0.964).

» Implication:

= Allocating resources efficiently, focusing on patients predicted

to have the highest length of stay.




Upgrading the Healthcare Toolkit

We aren't throwing away the tools we trust. We are giving them a superpower.

=]
| = o | am—]
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Traditional Math Smart Al
Easy to explain, auditable, Finds hidden patterns Better bed planning,
and highly trusted by in complex notes and faster discharges, and

doctors. patient data. fewer readmissions.



Mapping Al From Door to Discharge

Richer data is solving our oldest operational problems faster and with greater precision.

Arrival The Stay Going Home
(The Front Door) (In the Bed) (Discharge)

Predict Emergency Room Wearable Al can spot a Al reads admission notes on day
rushes up to 4 days in patient's health deteriorating one to start planning exactly
advance to ensure enough 17 hours before a clinical what post-acute care the

staff and beds are ready. emergency actually happens. patient needs after they leave.



Four Practice Rules for Safe Al Implementation

With over 1,200 Al medical tools now approved by the FDA, our golden rule remains: trust, but verify.

Test Locally

Make sure the Al works
accurately on your specific
hospital data, not just in the
testing lab.

Watch Closely

Monitor the tool continuously
over time to ensure its clinical
advice doesn't drift.

O

Check for Fairness

Document and prove that
the algorithm treats every
patient demographic equally.

Human in the Loop

Doctors—not computers—
must always make the final
clinical call.
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