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Assunzione

Esclusi gli RCTs, la metodologia statisgcifgaﬁ\“?ﬁella ricerca clinica in

diabetologia & rilevante soprattifttd nell’ambito della...
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Innovative designs
in randomized

controlled trials

Causality in
observational

studies

Comparative effectiveness resaarch

Diagnostic tests,
biomarkers and
screening

Stratified or
precision medicine

Big cata &
rouiineiy collected
data

Meta-analysis of
randomised trials

Meta-analysis of
diagnostic studies

Network meta-
analysis

Evidence synthesis




Causality in observational studies
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Real-world studies no substitgt¢for RCTs in establishing
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Today's and tomorrow’s aims
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Today

Use, effectiveness & safety

O
In broader populations in routine practice \l
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Challenge or confirm REJs<

s

. sefomorrow

X

N :
S & Use, effectiveness & safety

N\
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Complement or substitute RCTs




Comparative effectlveness research
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(Retrospective) data sources

Clinical charts

- Anthropometric data,
- Blood exams

- Complications

- Therapies
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Clinical char@@ N4
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- Adverse@veg
- HypggRcadinia
- Cg&p{{a‘ﬂce

- Qe?ence, satisfaction
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Administrative data O‘?v\g‘aAdministrative data
- Delivered services oY @(\(‘) - All clinical data

- Dispensed drugs ¥ & S

- Exemption codes
- Discharge codes 2

- Causes of death x?
@
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Challenges

Clinical

1) Inter-operativity

Z2) Privacy

Anthrop@gé l@\data

&balqu exams

q’,@ 2 Therapies

&Q QAQ}Comorbldltles
Q&\\C’ Complications

Delivered services
Hospital discharge codes
Dispensed drugs

Causes of death

Costs



Issues of data quality

Types of error

e Instrument / analytical error 22 &
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e Measure (e.g, SBP 140 in place of 138 mmHg)° o
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* Reporting error (e.g. unit of measure) (¥ &
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e Coding error (e.g. wrong field) QVO
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e Extraction error (especially if m@\?@@ﬂ
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Issues of data quality
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Clinical data

G
&\"’ ,b@/
\\
Q)
oS &

Clinical Rep05|torr8~ @ Study database

What determines data quality?
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Data quality in diabetes clinics
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ML processing of free text

scientific reports Q@%&Q’
Deep-learning-based -\\"i@%\
natural-language-processing S
models to identify cardiovascular \\@%00@9\

disease hospitalisations of patients &@’b{\@

with diabetes from routine visits’ @0‘2’26\60
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Alessandro Guazzo?, Enrico Longate?, Gian Paolo Fadini?, Mario Luca Morieri
Giovanni Sparacino® & Barbara Di Camillo3*

Processed dataset

ao i'}- i

E_w.allnéllrf Lorn
cont?oll

rl' nent

n(‘.l a W =

FJntro1lo

be

prdns




Biases

« Confounding by indication -@Z@%\
Trattamenti diversi prescritti a pazienti diversi nel mondoogﬁa@\\\
%
« Confounding by unmeasured varlaﬁlés
Es. attivita fisica, dieta, livello socio- econommo&t@%llance
Q\é\ KQ
« Residual confounding <<V
é/arlablh non misurabili (es. attitudin® &(\%edlco e del paziente nei confronti della malattia e
ella terapia) Q?“
\?‘ \o

Il solo metodo p gﬁmmare questi fattori confondenti
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What works better?

Strategy A or Strategy B? Problems -@Z@é\é
Strategies can be: c‘,\é\(b&\"}\
_ 2 drugs . Onlégaoggervatlonal (big) data
- 2 diets gBan‘ndomlzatlon
- 2 surgical approaches FDita not collected for research
- 2 diagnostic tests Q?"Q\i\ \Q’%UFPOSGS N N
_ 2 models of care o\’o QQ}@ * Under free-living conditions
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Doctors te\nﬂfo use different «strategies»

ﬁor different patients
Q \\c’ \l,

oS ézroup A and group B will be different
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Approach to channelling bias
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Issues with multivariable regression
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Propensity score
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Propensity score matching

* Matches patients 1:1 (or 2:1, 3:1 etc...) on the sa@h@%PS (within a

certail tolerance, called caliper) O@é‘b\\\
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* When successfull, creates two groups eﬁ’gﬁtlents who are identical

(on average) for all variables used EQ\\C@%ulate PS
<<V Y
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Propensity score matching

>
’0 \’0

Patients a'/ffered for most clinical ch@%@%r/st/cs

N

\‘b \\(‘>

I
: Initiated
www@ wamm

Initiated
SGLT2i

,b\
Q“’%\o@
N 4208 N = 4298
foQO Initiated SGLT-2i Initiated GLP-1RA

O\



Advantages of PSM
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* Yields «identical» groups for all matching varia%{eﬁé@@% most cases
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 Patients have the same probability of be\i@%@%signed to a group
(pseudo-randomized, quasi-experim%@?%lg%etting)
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Issues with PSM
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* Reduces sample size * Play c\,ﬁ?lt:h"’c:allper or discard case
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OQVQ different, is MVA any good, too?
RN
Q¥ & . .
e Groups are similar only on @@:@age  Resembles the trial populations?
6’0 A@
\(b \(b . . .
* How to deal with ma@&?léd pairs * Paired or unpaired analysis?
&
@”’Q@*‘

* Use substltut@ﬁ()? * No, poorly clinically acceptable ,



.\(b,‘
Diabetes Ther (2018) 9:1477-1490 OQ
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ORIGINAL RESEARCH D
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Comparative Effectiveness of DPP-4 Inhibitors Versus S @
Sulfonylurea for the Treatment of Type 2 Diabetes @Q(b‘ 8\@
in Routine Clinical Practice: A Retrospective &@\ @%\
Multicenter Real-World Study B 0
6594 patier&@ 6\\(9 5960 patients
Gian Paolo Fadini On behalf of the DARWIN-T2D Network newly treé%ed o3 newly treated
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Unmeasur-ed/able variable iias
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Measured

versus Measured \é‘ D
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Unmeasured Age, seX (@ o Y Y
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BMI, 1& Y Y/N
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Unmeasur-ed/able variable iias

For how many variables one can adjust for, D @

there will always be residual confounding
driven by unmeasured

and unmeasurable variables
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THE oTHERsME’
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Use proxy of variables that
are difficult to measure
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Controlling for the healthcare setting

META-ANALYSIS S 5@
o L . . P @
Attending Diabetes Clinics 1s associated with a lower all-cause \,5\"0 @é\
mortality. A meta-analysis of observational studies performed in é;fb\ NG
B
Italy %00 O
b b N4 0(0
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Study (reference) Statistics for each study P ?9 .\Q*
Adj. odds ratio (95%, Cl) < e’
Baviera M 2017 (19) 0.71[0.67-0.75] O\e%g@l L
Zoppini G 1999 (18) 0.87[0.81-0.94] Q?* 01 |
Bruno G 2005 (17) 0.87[0.73-1.04] ?§ (\0 0.12 -
Overall MH-OR 0.81[0.69-0.95] &° 0.009 .
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Reporting guidelines

STROBE
Strengthening the reporting of nbsm'% %gﬁ}l studies in epidemiology
N

Y
https://www.strobe—statecl)gb\gu\tg@rg/checklists/

> L ROUBLE Statement—Checklist ol 1iems um&.\@uc lll@@l in reports ol Ccohort studies

Item
No & 0 ecommendation

Title and abstract 1 (a) Indigte (N study’s deN n§ilh a ly used term in the title or the abstract
(b) Providy in the ahgtra¢?an informative and balanced summary of what was done
an@t was f%

e v
Introduction f\\/ O\
Background/rationale JUXplairy@iemiﬁcL kg d and rationale for the investigation being reported
Objectives N Statg: c objectives, including any prespecified hypoth

M \Y
Methods “

Study design ﬁ 4 Ofrcscnt key elements of study design early in the paper
Setting \ - {\ Describe the setting, locations, and relevant dates, including periods of
r A ;\ exposure, follow-up, and data collection

Particjj a}B/ K‘o‘ 6 (a) Give the eligibility criteria, and the sources and methods of selection of
6 @ particip Describe methods of foll p
A (b) For matched studies, give matching criteria and number of exposed and
\% \% unexposed
K(b. \"a(r@cs\ 7 Clearly define all P predictors, potential confounders, and effect

@ PAN difiers. Give di ic criteria, if applicabl
Q Wla sources/ 8* For each variable of interest, give sources of data and details of methods of
@ measurement ( ). Describe parability of hods if there is
0 more than one group

K *
® 2 K\ Bias 9 Describe any efforts to address potential sources of bias

- A @ Study size 10 Explain how the study size was arrived at
’\\,\ Q Quantitative variables 11 Explain how quantitative variables were handled in the analyses. If applicable,
9 describe which groupings were chosen and why

O Statistical methods 12 (@) Describe all statistical hods, including those used to control for confounding
@; (b) Describe any methods used to examine subgroups and i i

O\ (c) Explain how missing data were addressed
(d) If applicable, explain how loss to follow-up was addressed
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