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Introduccion

Aspecto mas importante de una investigacion?

TARGET
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Introduccion

Estudio CVD-Real
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With SGLT-2 Inhibitors Versus Other
Glucose-Lowering Drugs
The CVD-REAL 2 Study

Mikhail Kosiborod, MD,” Carolyn 5.P. Lam, MBS, PaD," Shun Kohsaka, MD,” Dae Jung Kim, MD,

Avraham Karasik, MD,' Jonathan Shaw, MD,* Navdeep Tangri, MD, Pul," Su-Yen Goh, MD,' Marcus Thuresson, PuD,)

Hungta Chen, Pul,” Filip Surmont, MD,' Niklas Hammar, PuD,™" Peter Fenici, MD,”
on behalf of the CVD-REAL Investigators and Study Group

ABSTRACT

BACKGROUND Randomized trials demonstrated a lower risk of cardiovascular (CV) events with sodium-glucose
cotransporter-2 inhibitors (SGLT-21) in patients with type 2 diabetes (T20) at high CV risk. Prior real-world data
suggested similar SGLT-2i effects in T2D patients with a broader risk profile, but these studies focused on heart failure
and death and were limited to the United States and Europe.

OBJECTIVES The purpose of this study was to examine a broad range of CV outcomes in patients initiated on SGLT-2i versus
other glucose-lowering drugs (oGLDs) across & countries in the Asia Padific, the Middle East, and Morth Amercan regions.

METHODS New users of SGLT-21 and oGLDs were dentified via claims, medical records, and national registries in South
Korea, Japan, Singapare, Israel, Australia, and Canada. Propensity scores for SGLT-2i initiation were developed in each
coumtry, with 1:1 matching. Hazard ratios (HRs) for death, hospitalization for heart failure (HHF), death or HHF, M|, and
stroke were assessed by country and pooled using weighted meta-analysis.

RESULTS After propensity-matching, there were 235,064 episodes of treatment initiation in each group; ~ 27% had
established CV disease, Patient characteristics were well-balanced between groups. Dapaglifiozin, empaglifiozin, ipra-
gliflozin, canagliflozin, tofogliflozin, and luseogliflozin accounted for 5%, 9%, 8%, 4%, 3%, and 1% of exposure time in
the SGLT-2i group, respectively. Use of SGLT-2i versus oGLDs was associated with a lower risk of death (HR: 0.51;
95% confidence interval [CI]: 0.37 to 0.70; p < 0.001), HHF (HR: 0.64; 95% CI: 0.50 to 0.82; p — 0.001), death or HHF
(HR: 0.60; 95% Cl: 0.47 to 0.76; p < 0.001), MI (HR: 0.81; 95% Cl: 0.74 to 0.88; p = 0.001), and stroke (HR: 0.68;
95% C): 0.55 to 0.84; p < 0.001). Results were directionally consistent across both countries and patient subgroups,
including those with and without CV disease.

CONCLUSIONS In thislarge, imternational study of patients with T2D from the Asia Pacific, the Middle East, and North America,
nitiation of SGLT-2i was associated with a lower risk of CV events across a broad range of outcomes and patient characteristics.
{(Comparative Effectiveness of Cardiovascular Outcomes in New Users of SGLT-2 Inhibitors [CVD-REAL]; NCTO2993614)

{J Am Coll Cardiol 2018;71:2628-39) © 2018 The Authors. Published by Elsevier on behalf of the American College of
Cardiology Foundation. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org)
licenses/by-nc-nd/4.0/).
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Introduccion

Estudio CVD-Real Catalonia

ORIGINAL INVESTIGATION Open Access

: . ®
Cardiovascular and mortality benefits e

of sodium-glucose co-transporter-2 inhibitors
in patients with type 2 diabetes mellitus:
CVD-Real Catalonia

Jordi Real'?", Bogdan Vlacho'', Emilio Ortega®#, Joan Antoni Vallés'=, Manel Mata-Cases'2%,
Esmeralda Castelblanca'?, Eric T. Wittbrodt’, Peter Fenici®, Mikhail Kosiborod®, Didac Mauricio’'%""" and
Josep Franch-Nadal#'*"

Abstract

Background: Evidence from prospective cardiovascular (CV) ocutcome trials in type 2 diabetes (T2DM) patients sup-
ports the use of sodium-glucose co-transporter-2 inhibitors (SGLT2i) to reduce the risk of CV events. In this study, we
compared the risk of several CV outcomes between new users of SGLT2i and other glucose-lowering drugs (oGLDs) in
Catalonia, Spain.

Methods: CVD-REAL Catalonia was a retrospective cohort study using real-world data routinely collected between
2013 and 2016. The cohorts of new users of SGLT2i and oGLDs were matched by propensity score on a 1:1 ratio. We
compared the incidence rates and hazard ratio (HR) for all-cause death, hospitalization for heart failure, chronic kidney
disease, and modified major adverse CV event (MACE; all-cause mortality, myocardial infarction, or stroke).

Results: After propensity score matching, 12,217 new users were included in each group. About 27% of users had
a previous history of CV disease. In the SGLT2i group, the exposure time was 60% for dapaglifiozin, 26% for empa-
gliflozin and 14% for canagliflozin. The use of SGLT2i was associated with a lower risk of heart failure (HR: 0.59; 95%
confidence interval [Cl] 0.47-0.74; p <0.001), all-cause death (HR=0.41; 95% Cl 0.31-0.54; p<0.001), all-cause death
or heart failure (HR=0.55; 95% Cl 0.47-0.63; p <0.001), modified MACE (HR=0.62; 95% (I 0.52-0.74; p < 0.001), and
chronic kidney disease (HR=0.66; 55% Cl 0.54-0.80; p<0.001).

Conclusions: In this large, retrospective observational study of patients with T2DM from a Catalonia, initiation of
SGLT-2i was associated with lower risk of mortality, as well as heart failure and CKD.

Keywords: SGLTZi, Heart failure, All-cause mortality, Type 2 diabetes mellitus
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Introduccion

Estudio Cuidadores
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Ejemplo
Estudio Cuidadores @ —®

e Método:
= ENSE: Encuesta nacional de salud espanola. 20.000 hogares
= Seidentificé 515 personas en situacién de cuidador informal (superior al ano)

= Resultados en Salud: Diagnostico depresion, Ansiedad, Calidad de vida, Estado
de salud percibido, soporte social

Métodos de Matching en estudios retrospectivos



.. & Valdation Ceter )o IDIAP

SANT PAU JordiGol

Ejemplo
Enfoque analitico basico @ —®

e P(Depresion/Cuidador) = 16% (n=515)
e P(Depresion/ Resto) =8.4% (n=19.500)
e Medida de asociacion: OR =2.03 (CI95: 1.7 - 2.5)
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Introduccion

Preguntas

e Puedo comparar resultados en salud de los 515 cuidadores con el resto 19.514 no
cuidadores?

e Son comparables?

e Veamos la diferencia en edad entre los cuidadores versus los no-cuidadores

e Los cuidadores 7.3 anos mayores que los no cuidadores
|
| 2 e

(b) Grafo

X

(a) Boxplot
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Sesgo de confusion

Sesgo de confusion @ N @

Habitual en estudios observacionales

Confusion: “mezcla” o “difuminacion” de efectos

Se trata de relacionar una exposicion a un resultado

En realidad mide el efecto de un tercer factor (la variable de confusién)

Distorsiona la medida de la asociacidon entre otras dos variables

El resultado en presencia de una variable de confusion puede ser |a observacion de:
1. Efecto donde en realidad no existe (Asociacion espuria)
2. Exageracion o atenuacié d’'una asociacion real (confusion positiva)

3. Inversién del sentido de una asociacién real (confusion negativa)
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Métodos de ajuste

e Anticipacion de confusores potenciales (Diseno)

e Restriccion (Disefno)

Estratificacion por confusor/es (Analisis):
= Simple

» Dificil con muchas covariables

Técnicas de estandarizacion (Analisis)

e Métodos de regresion (Ajuste por covarianza) (Andlisis)
= Mayor potencia estadistica

= Técnico

» Asunciones de modelos
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Modelos de regression

Asunciones sobre modelos

. 'J".'
S PERFECT
MODEL
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Modelos de regression

Asunciones sobre modelos de regression
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Modelos de regression

Asunciones sobre modelos de regression
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Modelos de regression

Asunciones sobre modelos de regression
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Reviewer #2: (27/09/2023) The paper is beautifully written and
considers an important topic. Since this is a modelling study, including
additional details on the models is necessary. My detailed comments
follow.

1. For the univariate and multivariate (presumably multivariable)
analyses mentioned on page 5, line 14 (or 28 with the journal’s
numbering), please specify what kind of models were used,
e.g. Poisson, Cox etc.

2. Please briefly describe what model assumption and goodness of fit
checks were performed, and what the findings were (you could
include details in supplementary material).

3. There are many variables included in the multivariable analyses -
how were these selected, and what checks for collinearity were
performed?
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Ajuste por regression B

Estudio cuidadores. Enfoque multivariable

Ajuste multivariable mediante regression logistica

e Tener en cuenta la edad y otros factores asociados!?

e Medida de asociacion no ajustada: OR=2.03 (1C95%: 1.7 - 2.5)
e Medida de asociacion ajustada: OR= 1.56 (IC95%: 1.21 - 2.04)

® ) X ? @
N
OR:2.03;1C95%=(1,71-2,5) / V4
: /

OR: 1.56;1C95%=(1.21-2.04)
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Métodos de ajuste

e Restriccion (Disefno)
e Anticipacion de confusores potenciales (Disefo)
e Estratificacion por confusor/es (Analisis):

= Simple

» Dificil con muchas covariables

Técnicas de estandarizacion (Analisis)

Métodos de regresion (Ajuste por covarianza) (Andlisis)
= Mayor potencia estadistica
= Técnico

m Asunciones de modelos

Matching (Diseno / Analisis)
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Matching

En que consiste?

Dada N, encontrar n (n<N), tal que los grupos sean de igual o de similares

caracteristicas

Age

80

70

60

50

40

30

20

Education . . .
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Matching

En que consiste?

Dada N, encontrar n (n<N), tal que los grupos sean de igual o de similares

caracteristicas

80 —
704 € O
T
60 — T T T T
T ¥
Age 50 — T
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Estudio cuidadores

Comparativa entre métodos
e Medida de asociacién no ajustada: OR= 2,03 (1C95%: 1,7 - 2,5)

e Medida de asociacion ajustada segtin regressiéon: OR= 1,56 (IC95%: 1,21 - 2,04)1
e Medida de asociaciéon segiin método de matching: OR = 1,34 (IC95%: 1,02 - 1,76)

® ®
< 7
z)

7
/

: ’

OR: 1.34; 1C95%=(1,02-1,76) OR: 1.56; 1C95%=(1.21-2.04)
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¢Por que?

La prueba del algodoén. Estudio de simulacion

e Objetivo: Comparar la correcciéon del sesgo de confusion entre distintas
aproximaciones mediante un estudio de simulacion

e Enunasituaciéon controlada donde conocemos la realidad

e Generamos 7500 muestras simuladas de tamafo grande (n=10.000) tal que:

Métodos de Matching en estudios retrospectivos
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Estudio de simulacion

e Distintos escenarios donde la Relacion confusor Z vs P(Y):

Figural. Relaciaones generadas de Z-P(Y): (a) Linear, (b) Quadratic Threshold, (c) Cubic Asyrmmetric, (d) Plateau
Threshold, (e) Gausiana Asymetric, (f) Asymetric U Threshold, (g) "Hump", (h) Double Hump.
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Estudio de simulacion

Estudio de simulacion

Distintas aproximaciones para estimar el efecto de X sobre Y ) @
Descripcion Método @ 7
1.Z Lineal (LogLineal) Regresion @

2. Categorizando Z En quintiles (LogitCat)  Regresion

3. Fuciones polindmicas Z* 3 (LogNoLineal) Regresién

4. Funcién no paramétrica s(Z) (GAM) Regresion

5. Exacto Matching exacto
6. Subclasificacion con descartes Matching

/. Nearest- Neighbour Matching N-N

Métodos de Matching en estudios retrospectivos
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Estudio de simulacién b youus

Resultados escenario Lineal

Estimacion de efecto nulo (OR=1) segiin el método de ajuste

Estimacion de [8s segliin método de ajuste + 1dt

Shape £-P(Y): Linear
0,157

0,10
0,057 T

s ) .
D,0Q=f===se=eens e R e R

Mean +-1 SD

-0,05= -

-0,107

-0,157

T T T T T T
LogLinear LogtCat  LogitNoLinear LogRGAM Exact Subclass Mearest

Métodos
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Estudio de simulacion

Resultados escenario No Lineal

Estimacion de efecto nulo (OR=1) segiin el método de ajuste

Mean +-1 SD

Escenario: RelacionZ-Y No lineal

Shape Z-P(Y): Quadratic T

Metodo

0.259 [ ] OR=1,28
0,157 —_ —_—
0,05
®
. L
L ]
-0,05
0157
I ] I ] I ] ]
LogLingar LogitCat  Log#NoLinear LogRGAM Exact Subclass Nearest
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Estudio de simulacion

Resultados escenario No lineal

Estimacion de efecto nulo (OR=1) segiin el método de ajuste

Escenario: RelacionZ-Y No lineal

Shape Z-P(Y): Gaussian

0,254
0,15=
[ ]
a
w
- T —
+ 0054 “ - T
c
s —
= * °
------------------------------------------------------- B T [ ]
[ ]
-0,054 1 - - .
-0,154
| I ] ] I ] ]
LogLinear LogitCat  LogitMoLinear LogitGAM Exact Subclass Nearest
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Estudio de simulacion

Error de tipo | empirico segun escenario y método

——

Type ] Bl'ror- i
(false negative)

e 2 O400k06 even ot
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studio de simulacion
Tasa de falsos positivos segun escenario y método
a empirico: Tasa de falsos positivos — escenario y método
Error de tipo | empirico de X en condiciones de relacion nula entre X e Y, enfuncion de la formade la asociacion ZY generada.
Correlation X-Z
GLM Matching
Shape relation Z-Y LogLinear LogitCat LogMolineal GAM Exact Subclass Nearest
Low (SD=10; r=0.3)
Linear 0,051 0,079 0,052 0,052 0,045 0,059 0,053
QuadraticT 0,701 0,066 0,064 0,051 0,051 0,052 0,052
Cubic Asymetric 0,980 0,324 0,050 0,053 0,033 0,105 0,038
Plateau 0,066 0,051 0,060 0,050 0,042 0,054 0,043
Gaussian 0,945 0,055 0,525 0,082 0,029 0,051 0,032
AsymetricUT 0,142 0,052 0,074 0,051 0,046 0,057 0,052
Hump 0,050 0,052 0,051 0,050 0,041 0,055 0,048
Double Hump 0,802 0,058 0,049 0,054 0,027 0,051 0,031
Total 0,474 0,093 0,117 0,056 0,039 0,061 0,044

Colorde fondo condicionado a la magnitud delerror de tipo | empirico: Cuanto mas oscuro mas alejado de 0.05
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{Por qué fallan algunos modelos?

Medicine

OBSERVATIONAL STUDY

OPEN

Quality Reporting of Multivariable Regression Models in
Observational Studies

Review of a Representative Sample of Articles Published
in Biomedical Journals

Jordi Real, BSc, Carles Forne, MSc, Albert Roso-Llorach, MSc, and Jose M. Martinez-Sanchez, PhD
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Tipos de matching

e Matching aproximado por frequencia (segun una distancia)
e Matching exacto por frequencia

e Matching individual por densidad de incidencia
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Etapas del matching

4 fases

Donde las tres primeras representan la fase de “diseno” y la dltima la de “analisis”

1. Distancia

e Definicion de la medida de proximidad o cercania utilizada para determinar si dos
observaciones son buenos pares.

2. Algoritmo

e Aplicacion del algoritmo para la eleccidon de observaciones y conformacion de
nuevos grupos, en base a la medida de proximidad elegida.

3. Validacion

e Evaluacion del equilibrio (calidad del matching) de los grupos emparejados. Si la
calidad del matching no se satisface se repiten las etapas 1y 2 hasta que los
grupos puedan considerarse coincidentes.

4. Andlisis

Métodos de Matching en estudios retrospectivos
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Distancias

Métodos para calcular distancias de covariables

"euclidean"” The Euclidean distance 1s the raw distance between units, computed as

di = \/(w: — ;) (3 — ;)

It is sensitive to the scale of the covariates, so covariates with larger scales will take higher
priority.

"scaled_euclidean” The scaled Euchdean distance 1s the Euchdean distance computed on the
scaled (1.e., standardized) covarnates. This ensures the covarates are on the same scale. The
covarlates are standardized using the pooled within-group standard deviations, computed by
treatment group-mean centering each covariate before computing the standard deviation in
the full sample.

"mahalanobis” The Mahalanobis distance 15 computed as

dij = \/[;n —z;) Yz — ;)

where ¥ is the pooled within-group covariance matrix of the covariates, computed by treat-
ment group-mean centering each covariate before computing the covariance in the full sam-
ple. This ensures the variables are on the same scale and accounts for the correlation between
covarlates.

"robust_mahalanobis” The robust rank-based Mahalanobis distance 1s the Mahalanobis dis-
tance computed on the ranks of the covariates with an adjustment for ties. It is described in
Rosenbaum (2010, ch. 8) as an alternative to the Mahalanobis distance that handles outhers
and rare categories better than the standard Mahalanobis distance but is not affinely invariant.

Métodos de Matching en estudios retrospectivos
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Distancias

Cual és lareinade las distancias?

P(X) = Probabilidad(X =1/7) = f(Z)

. . e9(Zi)
PT’(XZ/ZZ) — W
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Algoritmos de agrupacion

e Exacto

Empareja cada unidad tratada con todas las posibles unidades del grupo control de manera que ambos grupos contengan exactamente los

mismos valores segun las covariables especificadas. Cuando hay muchas covariables y/o las covariables pueden tomar un amplio rango de
valores, exact matching puede no ser posible.

e Nearest Neighbour (N-N)

Mejores controles emparejados para cada individuo tratado. Observaciones del grupo control lo mds cercana a tratada segun la distancia
especificada. Misma distancia se selecciona aleatoriamente a uno de estos. La opcidén caliper (numero de desviaciones estandar de 1la

medida de la distancia) establece una distancia maxima entre grupos para ser seleccionados asegurando una igualdad minima entre
observaciones.

e Subclassification (Subclas)

Algoritmo que forma estratos, en funcién de la distribucidén de las distancias estimadas de tal manera que asegura la igualdad de

distribuciones dentro de cada estrato segun las covariables seleccionadas. Se pueden descartar observaciones para mejorar la igualdad de
distribuciones dentro de cada estrato.

e Otros métodos (Optimal, Full, Genetic etc..)

Métodos de Matching en estudios retrospectivos
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Validacion

Evaluacion del equilibrio (calidad del matching) de los grupos emparejados. Si la

calidad del matching no se satisface se repiten las etapas 1y 2 hasta que los grupos
puedan considerarse coincidentes

|
O
o3
(v
i
-4
o
a
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Validacion

Estudio cuidadores
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Diferencias medias estandarizadas (SMD) por covariable. Se recomienda un SMD<O0.1.

Covariate plot

0,20

0,00

Standard mean differences between informal caregivers and controls before and after

matching.
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Evaluacion de la calidad del equilibrio de las covariables basales después del matching
Estudio CVD Real Catalonia

oGLD vs SGLT-2i group -
ample

Gender:Female
Gender:Male
Age (Years)

® Matched

Diabetes duration:11-20
Diabetes duration:>20
eGFR:CKD-EPI<60 [ ]

Diastolic blood p’esssure>96-

.... ..ﬂ

® Unmatched

Aldosterone antagonists
Weight loss drugs
ARB

o ®
%

Warfarin
Beta blockers

®
2%0s
[ ]
[ ]

Receptor P2Y12 antago
DPP-4 inhibitors

ACE inhibitors

nsulin at Baseline
Metformin

Metiglinides

Sulfonylurea

TZD

Hypertension

CV-history

Unstable angina
Transitory ischemic attack
Myacardial infarction
Arrial fibrillation

Stroke

Heart failure
Microvascular disease
Retinopathy

o o®

|
|
® |
...
|
‘s

o o
o ..

e . A

0.4

Covariate plot

e

0.0

0.2 0.4

Standardized mean difference
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Validacion
Evaluacion de la calidad del equilibrio de |la distancia después del matching

Distribucion de la distancia pre y post
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Propensity Score Densities (Before Matching) : o3¢ et Y® DIAP
25-

280

Density

1.0 -

DD

0.0

0.00 0.25 0.50 0.75 1.00
Estimated propensity score

Propensity Score Densities (After Matching)
25-

25
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Como?

Herramientas y grados de libertad

e Software: Stata, R, SAS
Ratio de los grupos (1:1 hasta 1:4)

e Distancia utilizada (PS, mahalanobis, euclidiana)

Algoritmo de agrupacién (N-N, Exacto, 6ptimo, genético .....)
e Descartes

Variables

Métodos de Matching en estudios retrospectivos
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Variables

e Potenciales confusoras segun
conocimiento previo

e NUmero?

- No hay limite. Cuantas mds, mas dificil encontrar

< *
buenos grupos Corporate needs you to find the differences
o between this picture and this picture.

e No: outcomes secundarios, ni variables
subrogadas

They're the same picture.

Métodos de Matching en estudios retrospectivos
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Herramientas

Paquete {Matchit} de R (version 4.4.0)
Matching for Causal Inference

Descripcion

matchit() is the main function of Matchlt and performs pairing, subset selection, and subclassification with the aim of
creating treatment and control groups balanced on included covariates. Matchlt implements the suggestions of Ho, Imai,
King, and Stuart (2007) for improving parametric statistical models by preprocessing data with nonparametric matching
methods. Matchlt implements a wide range of sophisticated matching methods, making it possible to greatly reduce the
dependence of causal inferences on hard-to-justify, but commonly made, statistical modeling assumptions. The software
also easily fits into existing research practices since, after preprocessing with Matchlt, researchers can use whatever
parametric model they would have used without Matchlt, but produce inferences with substantially more robustness and
less sensitivity to modeling assumptions.

Funcion:

matchit(formula, data = NULL, method = “nearest”, distance = “glm”, link = “logit”, distance.options = list(), estimand = “ATT”,
exact = NULL, mahvars = NULL, antiexact = NULL, discard = “none”, reestimate = FALSE, s.weights = NULL, replace = FALSE,
m.order = NULL, caliper = NULL, std.caliper = TRUE, ratio = 1, verbose = FALSE, ...)

Métodos de Matching en estudios retrospectivos
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Matchit

Ejemplo

Summary descriptives table by groups of

‘treat’
0 1
N=429 N=185
age 28.0(10.8)  25.8(7.16)
educ 10.2 (2.86)  10.3 (2.01)

race:
black 87 (20.3%) 156 (84.3%)
hispan 61 (14.2%) 11 (5.95%)
white 281 (65.5%) 18 (9.73%)
nodegree  0.60(0.49) 0.71(0.46)
married 0.51(0.50)  0.19(0.39)
re74 5619 (6789) 2096 (4887)
re75 2466 (3292) 1532 (3219)

Métodos de Matching en estudios retrospectivos
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Matchit

Ejemplo

Summary descriptives table by groups of “treat'

0 1 p.overall
N=429 N=185
age 28.0(10.8)  25.8(7.16) 0.003
educ 10.2 (2.86)  10.3 (2.01) 0.585
race: <0.001

black 87 (20.3%) 156 (84.3%)
hispan 61 (14.2%) 11 (5.95%)
white 281 (65.5%) 18 (9.73%)

nodegree  0.60(0.49) 0.71(0.46) 0.007
married 0.51(0.50) 0.19(0.39)  <0.001
re74 5619 (6789) 2096 (4887)  <0.001
re75 2466 (3292) 1532 (3219)  0.001
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Matchit

Paquete Matchlt de R (version 4.4.0)

¢
¢
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dt_temp<-lalonde %>% mutate(idp=1:n())
set.seed(123)

m.outl <- matchit(treat ~ age + educ + race + nodegree + married + re74 + re75,
exact = ~ race + married,

distance = "glm",
method = "nearest",
discard = "both",
ratio = 1,

caliper = .1,

# unit.id="idp",
data = dt_temp)
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Matchit

Paquete Matchlt de R (version 4.4.0)

m.outl

A "matchit® object

- method: 1:1 nearest neighbor matching without replacement
- distance: Propensity score [caliper, common support]

- estimated with logistic regression

- caliper: <distance> (0.029)

- common support: units from both groups dropped
- number of obs.: 614 (original), 212 (matched)

- target estimand: ATT

- covariates: age, educ, race, nodegree, married, re74, re75

pp<-summary(m.outl)

Control Treated

pp$nn
All (ESS) 429
All 429
Matched (ESS) 106
Matched 106
Unmatched 266
Discarded 57

185
185
106
106
71
8
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Matchit

Validacion

Summary descriptives table by groups of

‘treat’
0 1
N=106 N=106

age 25.3(10.2) 26.1(6.87)
educ 104 (2.78)  10.4 (2.06)
race:

black 77 (72.6%) 77 (72.6%)

hispan 11 (10.4%) 11 (10.4%)

white 18 (17.0%) 18 (17.0%)
nodegree  0.62 (0.49) 0.65(0.48)
married 0.20 (0.40) 0.20(0.40)
re74 2578 (4476) 2139 (4137)
re75 1739 (2882) 1707 (3788)

Métodos de Matching en estudios retrospectivos

¢ Digital Health
Validation Center
’ SANT PAU

e

# IDIAP

JordiGol



Matchit

Validacion

Summary descriptives table by groups of “treat'

0 1 p.overall
N=106 N=106

age 25.3(10.2)  26.1(6.87) 0.509
educ 10.4 (2.78)  10.4 (2.06) 0.911
race: 1.000

black 77 (72.6%) 77 (72.6%)

hispan  11(10.4%) 11 (10.4%)

white 18 (17.0%) 18 (17.0%)
nodegree  0.62 (0.49)  0.65(0.48) 0.670
married 0.20 (0.40)  0.20(0.40) 1.000
re74 2578 (4476) 2139 (4137)  0.459
re75 1739 (2882) 1707 (3788)  0.945
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Matchlt
Validacion

Covariate plot
Grupo intervencion vs Control

Sample Matched @ Unmatched

age ®

educ

race:black

race:hispan - @

race:white - ]

nodegree

re74 ®

re75 - @

0

Standardized mean difference
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Muestreo por densidad de incidencia

Matching individual/exacto

Apareamiento por densidad de incidencia

e Diseno: Caso-control anidado / Cohorte dindmica (o abierta)

Los controles se seleccionan a medida que se producen los casos (Matching on time)

Se construyen conjuntos de riesgo emparejados

Los controles pueden ser remuestrados(mdas de una vez por caso)

Los controles se pueden convertir en casos

Métodos de Matching en estudios retrospectivos



Muestreo por densidad de incidencia

Start of follow-up

Esquema de seleccién de casos

Time

>

End of follow-up
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Ejemplo: Cohorte dinamica
Estudio DM _TBC

library(Macedonia)

dat2<-Macedonia: :match density incidence(dt=Macedonia::dat test,

id="1idp",
1llistaPS=c("sex"),
eventcontrol=TRUE,
reemplacement=FALSE,
numcores=NA,
Ncontrols=1,
seed=123)

# dat$idp %>% length()

# dat2$idp %>% length()

dat2 %>% head() %>% select(-c(diabetes,heartdis,byear)) %>% kableExtra::kable() %>%

kableExtra::kable classic 2() %>% kableExtra::kable styling(font size

= 15)

¢

Digital Health
¢ Vzli!l;ildz;tioflaCenter 5@ IDlAP

Muestreo por densidad de incidencia

SANT PAU 7 JordiGol

idp .caseid .dtindex .event .n event sex dtindex_case dtindex_control
P41 1 5 1 1 1 fem 5 NA
P20 1 5 0 1 0 fem NA 20
P42 2 8 1 1 1 fem 8 NA
P13 2 8 0 1 0 fem NA 13
P43 3 " 1 1 1 fem 11 NA
P19 3 11 0 1 0 fem NA 19

IVletodos de Matching en estudios retrospectivos
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Ejemplo: Caso-Control

dades<-readRDS("dades_setMatch.Rds")
# data de censura en els casos com a molt la data de CAS
dades<-dades %>% mutate(dtindex_control=ifelse(event==1,dtindex_case,dtindex_control))

1llistaPS<-c("sexe","year DM2","year naix")

dt_aparellada<-match density incidence(dades,
id="id",
llistaPS=11istaPSs,
eventcontrol =T,
reemplacement=F,
Ncontrols = 10,
seed=131)

dades %>% n_distinct("id")

[1] 400
dt_aparellada %>% n_distinct("id")
[1] 30

dt_aparellada %>% select(id,.caseid, .dtindex, .event,.n,Fecha caso=dat _cas,llistaPS) %>%
mutate(.dtindex=1lubridate::as_date(.dtindex)) %>%

¢

Digital Health
SANT PAU

head(5) %>% kableExtra::kable() %>% kableExtra::kable classic() %>% kableExtra::kable styling(font size = 15)
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id .caseid .dtindex .event n Fecha _caso sexe year_DM2 year_naix
299 1 2012-09-13 1 2 2012-09-13 D 2004 1929
214 1 2012-09-13 0 2 2017-06-15 D 2004 1929

35 1 2012-09-13 0 2 NA D 2004 1929
400 3 2013-04-11 Meétodos de Matching gaastydios retrospecgvos 2004 1931
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e Muestras insuficientes (“pequenas”)
e Objetivos

= Descriptivos

- Multivariantes: Clustering, PCA, factorial

= Estimar pardmetros poblacionales (ej.prevalencia)

» Predictivos

o Multiples hipdtesis / objetivos

Métodos de Matching en estudios retrospectivos
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{Cuando No?

Hipotesis / objetivos multiples
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o Objetivos analiticos confirmatorios
e Inferencia causal
e Disenos

» Transversal/Cohortes /Caso-control

Variable principal (X 0 Y) de agrupacién de naturaleza categérica (preferentemente
binaria)?!

e Estudio comparativo aislando factores ya conocidos

Métodos de Matching en estudios retrospectivos
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Para concluir...

Razones

e Simplicidad
e Facilidad de evaluar su viabilidad
e Evaluar grado de solapamiento

e Conclusiones contextuales
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Para concluir...

e Modelos paramétricos funcionan, pero.....

Modelos semiparamétricos funcionan mejor

Robustez de los métodos Matching

Analisis dirigido a un objetivo concreto

Separan el diseno del analisis

= El outcome es invisible al investigador

Métodos de Matching en estudios retrospectivos
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Conclusiones
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Conclusiones

Sesgo de confirmacion
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Muchas gracias

Ultimo MEME
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Propensity Score Matching for Acute Kidney Injury

vanced statistical methods such as propen-
sity score (PS) matching, a statistical match-

ing technique that deals with M

residual confounding, is increasingly being
used in large studies on PC-AKI using non-
randomized observational data. In this sys-
tematic review, we give an overview of re-
cent advanced observational studies on
PC-AKTI using PS matching and possible im-
plications for guideline development.

distribution ranging from 0 (0% probability
that a patient will be given a specific treat-
ment) to 1.0 (100% probability that a patient
will be given a specific treatment). Patients
with a high PS for CM administration will
tend to be older and have more comorbidi-
ties, which influences their likelihood of be-
ing offered IV CM in usual practice. Because
propensity scores are an estimate of proba-
bilities and not actual proportions, the treat-
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