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Introduction

Introduction

@ Routine ‘performance’ data increasingly collected on many
healthcare providers at regular intervals.

@ Examples:

@ Teenage conceptions in English Local Authorities.
@ Methicillin Resistant Staphylococcus Aureus (MRSA)
bloodstream infections in NHS Trusts.

@ Dual objective: Predictive system that
(i) Provides well-calibrated predictions, assuming steady
state.
(ii) Can be used to identify important recent changes, if there
are any.
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Notation

e Data:
O;; = observed cases
E;; = 'expected’ cases, based on fixed effects regression

@ Assume
Oit|rit ~ Poisson(riEjt)

i =1, ..., m healthcare providers;
t=1,..., T time periods

@ We reserve the data from the final period, T, to be used
for model comparisons.
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Types of smoothing

@ Smoothing observed rates can reduce statistical noise,
increase power to detect ‘unusual’ performance, & correct for
‘regression-to-the-mean’.

@ But there are several options:

© Smooth between units at one time point
(Hierarchical model)

@ Smooth within each unit independently over time
(EWMA / DLM)

© Both?
(‘Bidirectional’ smoothing)
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Teenage conceptions data
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MRSA data
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More volatility, but no evidence of overall change over this time.
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Structure of presentation

@ Simple example of smoothing between providers at a single
time point.

@ Simple example of smoothing within each provider
independently over time.

© Example of combining the two.
@ Tools for comparing predictive ability.

@ Results for two data sets & conclusions.



Smoothing between

Smoothing between providers at a single time point

e.g. Poisson-gamma model:
rilp, ™ ~ 1ID Gammalu, 2.

Assuming p and 7 are known, we obtain

Shrinkage estimate:

~

P = W,-% +(1—w)p

where

72

W= ————
o2y w/ E;
@ Empirical Bayes: use plug-in estimates of 1 and 7.

@ Implied predictive distribution for next period is negative
binomial.



Smoothing within

Smoothing within each provider independently

e.g. EWMA
For simplicity, transform to approx. normality:
Yit = IOg(O,‘t/E,'t), assume E(Kt) = 9,-t & V(Y,tw,t) = ]-/Eft-

Exponentially weighted moving average (EWMA)

i = K0ir 1+ (1 — K)yi

fort=2,..., T —1, where 0 < k <1, assuming e.g. 9,-1 = V1.
@ Assumption of underlying model (e.g. normal steady model)
needed for full forecasting distributions.

@ 'Exact’ Poisson versions also available
(DGLM / RA-EWMA: Grigg & Spiegelhalter, 2007).



Smoothing both

Bidirectional smoothing

In summary:

© Simple hierarchical model fitted to time T — 1 data
= prediction for T shrunk towards average across
providers.

@ DLM / DGLM fitted independently to each provider
= EWMA type shrinkage of prediction towards past
observations on that provider.

What about combining the 27

10



Smoothing both

Bidirectional smoothing

Hierarchical AR(1) model (Lin et al., 2009)
Oit|rit ~ Poisson(ritEjt)

Simple hierarchical model assumed to hold marginally in each time
period:
log(rit) ~ Normal(jue, 72) .

Time series structure on each standardised process:

Tt Tt—1

log(rie)—pe _ ¢ (w) +ne, t=2,..,T

No simple closed form predictive distribution, therefore use MCMC.
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Smoothing both

Bidirectional smoothing

@ Such models, resulting in ‘bidirectional’ smoothing, are
increasingly being suggested in the literature (e.g. West &
Aguilar, 1998; Van Houwelingen et al.).

@ But no systematic evaluation has been made, comparing these
models to simpler ‘one-way’ smoothing alternatives.

@ Tools are needed to compare the quality of the predictions
based on different models.
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Evaluation criteria

Evaluation criteria

We use 3 approaches, drawing heavily on recommendations of
Gneiting et al. (2005) in the field of weather forecasting:

@ Accuracy of point predictions,
e.g. MSE = % Z,{ll(o,"r - O,‘T)z.
But also evaluate the full forecasting distributions:

@ Uniformity of predictive p-values.

© Proper scoring rules: log-score and CRPS.
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Evaluation criteria

Example of 2 predictive densities

Number of MRSA infections in a particular NHS Trust.
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A Point prediction under independent Poisson model.
B Point prediction under Poisson-gamma EB model. 14



Evaluation criteria

Uniformity of predictive p-values

@ A correctly calibrated forecasting distribution
= Events declared to have probability p occur a proportion p
of the time on average.

o If this is the case, then the m predictive p-values should have
an approximately Uniform(0,1) distribution.

@ Can assess this:

@ Visually, using histograms and plots of ordered p-values.
@ Using test statistics e.g. Kolmogorov-Smirnov D or
Cramér-von-Mises W?2.
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Evaluation criteria

Proper scoring rules

@ Uniformity of the predictive p-values is a necessary but not
sufficient condition for a forecasting system to be ‘ideal’

(Gneiting et al., 2007).
@ Therefore also consider 2 proper scoring rules.
@ ‘Proper’ = expectation of the score is minimised by the ideal

forecasts.

Logarithmic Score

LS; = —log(f(0s))

@ Examine mean of these over providers.

16



Evaluation criteria
Proper scoring rules

@ CRPS has been recommended as a more robust alternative:

Continuous Ranked Probability Score

CRPS(F;,0;)) = /OO(F;(X)—I{O,-SX})Z dx

—00

1 /
_ E|inred . OI| . §E|Olpred . inred |

(Gneiting & Raftery, 2007)

@ Unlike log score, CRPS is influenced by width of predictive
distributions.
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Evaluation criteria

Individual CRPS contributions

e.g. Alternative predictive distribution functions for one particular

NHS Trust:
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Results/Conclusions

Results

Model comparison for the teenage pregnancies data:

MSE | MAE D [ W2 ] Width ] CRPS [ LS
0 [ Pois indep 249 | 112 [[ 004 [0.08 ] 453 800398
1| PGEB 107 ] 10.0 J0.07 [ 041 ][ 411 ] 7.17 387
1 | P-LN Bayes || 197 | 10.0 [[ 0.06 | 0.28 || 40.9 | 7.16 | 3.87
2 [ EWMA 215 [ 102 [J0.08 [0.78 ] 436 ] 7.20]3.86
2 | Pois RW 215 [ 102 | 0.09 | 135 || 441 [ 723387
2 [ Pois AR(1) || 201 [ 10.2 [ 0.14 [ 344 || 450 [ 7.17 387

[3[HRAR() [ 189] 97]005][033] 421 6.88 383

0) No smoothing, 1) Smooth between, 2) Smooth within, 3) Both.

19



Results/Conclusions

Results

Model comparison for the MRSA data:

MSE [ MAE || D[ WZ [ Width [| CRPS [ LS
0 | Pois indep 52| 55009024 188 381]3.19
1 [ PGEB 36 | 45 006007 173 3.15]3.01
1 [ P-LNBayes | 37 | 46 006009 | 174 3.173.01
2 [ EWMA 36 | 46006011 170 ] 3.13 | 3.09
2 | Pois RW 37| 45005011 | 187 || 3.1 ]2.99
2 | Pois AR(1) 30 | 42008022 184 286293

[3[HRAR(1) [ 33| 43[006]014] 186 2.96]2.96 |

0) No smoothing, 1) Smooth between, 2) Smooth within, 3) Both.
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Results/Conclusions

Conclusions

@ Smoothing observed performance measures has clear benefits
in terms of predictive accuracy.

@ The 'bidirectional’ smoothing model of Lin et al. was found to
perform particularly well on 2 quite different examples.

@ This model is highly interpretable, automatically adapts to

characteristics of dataset & is straightforward to program in
WinBUGS.

@ Seems reasonable to suggest that it should be used as a
default.

@ However, this model takes a very long time to fit!

e Future research should focus on faster / simpler
methods for fitting bidirectional models.
e.g. 2-stage approach of Martz et al. (1999). Can this
perform as well?
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Results/Conclusions
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