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Prediction vs Causal Inference

Prediction: I[dentifies patterns to forecast future outcomes based on
existing data.

Causal Inference: Explains how changing one variable causes
changes in another.

Why We Lean Towards Prediction

. Causality is hard to prove, requiring strong evidence and more

data.
. Prediction with explainability can identify those in need and help us

understand why.
- Ex: Which features/markers correlate to homelessness?
- Big factors include housing costs, mental and physical health
iIssues, receipt of social safety net benefits (e.g. CalFresh)
- Machine learning can forecast who is at the greatest risk of
becoming homeless, allowing for targeted interventions



Model Selection

XGBoost (or eXtreme Gradient Boosting) is a state-of-the-art machine
learning algorithm that is well-suited for prediction tasks because of its efficiency

and high accuracy.

This model was utilized by Cal Policy Lab to predict homelessness among
single adults receiving mainstream County services within Los Angeles County
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How does XGBoost work?

Gradient Boosting

- Combines the power of many simple models to create a more
accurate and robust predictive model

- Each new model corrects errors made by the previous ones,
allowing the model to “boost” its performance over time.
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Census Income Dataset

Goal: Predict whether annual income of an individual
exceeds $50K/yr

Education- Capital Capital H
Age Workclass Heation Marital Status Occupation Relationship Race Sex apra ap! ours per Countrl« Over_50
Num Gain Loss week
39.0 State-gov 130  Never-married  Adm-clerical Notin- yhite  Male 2174.0 0.0 g oned- Fal
family Statds
500 >elf-emp-not- 13.0 Married-civ- Exec- Husband White  Male 0.0 0.0 130 Unitg Fal
inc spouse managerial Statds
380 Private 9.0 Divorced Aanglerss NOIN- " \yhite  Male 00 0.0 a0  Uniteq Fal
cleaners family Statds
53.0 Private 7.0 Married-civ- Handlers- Husband Black  Male 0.0 0.0 s00  Unted- Fal
spouse cleaners Statds
28.0 Private 13.0 Ma”'se:{;ﬂ:é Prof-specialty Wife Black Female 0.0 0.0 40.0 Cuba Fal
37.0 Private 14.0 iasnea-aiv- Exce- Wife White Female 0.0 0.0 40.0 Uniteq- Fal
spouse managerial Statds
: Married-spouse- : Not-in- :
49.0 Private 5.0 Other-service . Black Female 0.0 0.0 16.0 Jamai Fal
absent family Ta
spg Do CMpAHGE 9.0 Iareca: Execr Husband White  Male 0.0 0.0 45.0 Uniteq= Tr
Inc spouse managerial Statgs
: . . Not-in- : Uniteg-
31.0 Private 14.0 Never-married Prof-specialty .. White Female 14084.0 0.0 50.0 Tr
family Statgs
420 Private 13.0 Matried-civ- Exec- Husband White  Male 5178.0 0.0 40.0 Uniteq- Tr
spouse managerial Statgs




SHAP Waterfall Plot
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Mean Importance Bar Chart

Global feature importance plot
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SHAP Summary Plot

Distribution + Variability

younger
pa
’ older
N\

Relationship K‘ 4‘

Education-Num .

Capital Gain
Hours per week
Occupation
Marital Status
Capital Loss
Sex

Workclass

Race

Country

1 L] 1 I

) 0 2 4 6
SHAP value (impact on model output)

High

Low

Feature value



SHAP Dependence Plots
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Conclusion and Next Steps

Conclusion

- The journey with XGBoost and its application to the homelessness
predictive model is just beginning. While we've made significant
progress, there is still much to discover when we interpret the data
and when we understand the broader implications of our findings.

Next Steps

.- Data discovery
- Results coming soon (to theaters near you!)
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