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Relationship between sources of real world data and the
ability to control for confounding variables

Best
Rank | E0|E| S8
1 7| =5 fEct dgd S5 HolH
Prospective
2 Ct7|2t2| EMR E|O|H registry with long term 5
followup o
3 The 7[2e] EMR | O|H Ny
N Electronic health records o
4 HAETHOIH (Aol Mt AA oFE) i Q
multiple health systems c
5 HEZAL Q
6 o2& C|HO|A/SNS <

Wearable DewcelSocra! Med:a

O'Leary et al. Diabetes, Obesity and Metabolism. 2020 Apr;22:3-12.
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Clinical data warehouse

Data
Integration

EW/HA,
THE FUTURE
WE CREATE

Clinical Data Model Configuration

Advanced Settings for Clinical Data Model Configurations
(View Mappings)
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Patient
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Life log

BMI

ECOG

Life style — alcohol, smoking
History taking &...

Cancer stage

Text file

Text file
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Text mining, Natural language
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Patient * Local recurrence free

. 2000~2010 survival?

« Non-metastatic breast cancer ° Regional recurrence free
patients at diagnosis survival?

- Stage | to lll » Distant ?metastasis free

* No neoadjuvant surV|va.|. .
chemotherapy « Complication?

 Breast conserving surgery
only

 Anthracycline based
chemotherapy

 Taxol based chemotherapy

 Radiotherapy
 Field??
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Clinical Research Data Platform
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Data Transformation with dplyr

dplyr functions work with pipes and expect tidy data. In tidy data:

AIA +— Sl

-+ H
- B O pipes

X %>% f(y)
becomes f(x,y)

Y

Eachvariableisin Each observation, or
its own column case, is in its own row

These apply summary functions to columns to create a new
table of summary statistics. Summary functions take vectors as
input and return one value (see back).

summary function
EEm summarise(.data,...)

EEE  Compute table of summaries.
summarise(mtcars, avg = mean(mpg))

-

count(x, ..., wt = NULL, sort = FALSE)

N Count number of rows in each group defined
[ by the variables in ... Also tally().
countfiris, Species)
VARIATIONS

summarise_all() - Apply funs to every column.
summarise_at() - Apply funs to specific columns.
summarise_if() - Apply funs to all cols of one type.

Use group_by() to create a "grouped" copy of a table.
dplyr functions will manipulate each "group" separately and
then combine the results.

mtcars %>%
EE  o1oup_by(cyl) %>%
== summarise(avg = mean(mpg))

group_by(.data, ...,add = ungroup(x, ...)

FALSE) Returns ungrouped copy
Returns copy of table of table.
grouped by ... ungroup(g_iris)

g_iris < group_by(iris, Species)

QStudio

RStudio® is a trademark of RStudio, Inc.

EXTRACT CASES

Row functions return a subset of rows as a new table.

- filter(.data, ...) Extract rows that meet logical
criteria. filter(iris, Sepal.Length = 7)

distinct(.data, ..., .keep_all = FALSE) Remove

- rows with duplicate values.
distinctf{iris, Species)
sample_frac(tbl, size = 1, replace = FALSE,
weight = NULL, .env= parent frame()) Randoml\_.nr
- select fraction of rows.
sample_frac(iris, 0.5, replace = TRUE)
sample_n(tbl, size, replace = FALSE, weight =
NULL, .env = parent.frame()) Randomly select
size rows. sample_n(iris, 10, replace = TRUE)
slice(.data, ...) Select rows by position.
. slice(iris, 10 1.5)

top_n(x, n, wt) Select and order top n entries (b
group if grouped data). top_n(iris, 5, Sepal.Width

Logical and boolean operators to use with filter()

< <= is.nal)  %in% | xor()
> >= lis.na() ! &
See ?base::logic and ?Comparison for help.

ARRANGE CASES
arrange(.data, ...) Order rows by values of a

- column or columns (low to high), use with
desc() to order from high to low.
arrange(mtcars, mpg)
arrange(mtcars, desc(mpg))

ADD CASES
-> add_row(.data, ..., .before = NULL, .after = NULL)

Add one or more rows to a table.
add_row(faithful, eruptions = 1, waiting = 1)

CHEAT SHEET

EXTRACT VARIABLES

Column functions return a set of columns as a new vector or table.

pull{.data, var=-1) Extract column values as
- a vector. Choose by name or index.
pull(iris, Sepal Length)

select(.data, ...)
- Extract columns as a table. Also select_if().
select(iris, Sepal.Length, Species)

Use these helpers with select (),
e.qg. select(iris, starts_with("Sepal”))

contains(match) num_range(prefix, range) : e.g. mpg:cyl
ends_with(match) one_of(...) -, e.g, -Species
matches(match) starts_with(match)

MAKE NEW VARIABLES

These apply vectorized functions to columns. Vectorized funs take

vectors as input and return vectors of the same length as output
(see back).
vectorized function

mutate(.data, ...)

- Compute new column(s).
mutate(mtcars, gpm = 1/mpg)
o transmute(.data, ...)

Compute new column(s), drop others.
transmute(mtcars, gpm = 1/mpg)

mutate_all(.tbl, .funs, ...) Apply funs to every
- column. Use with funs(). Also mutate_iff().

mutate_all(faithful, funs(log(.), log2(.)))

mutate_if{iris, is.numeric, funs(log(.)))

mutate_at(.tbl, .cols, .funs, ...) Apply funs to
specific columns. Use with funs(), vars() and
the helper functions for select().
mutate_at(iris, vars( -Species), funs(log(.)))

add_column(.data, ..., .before = NULL, .after =
NULL) Add new column(s). Also add_count(),
add_tally(). add_column{mtcars, new=1:32)

rename(.data, ...) Rename columns.
rename(iris, Length = Sepal.Length)

= CCBY SARStudio » info@rstudio.com » 844-448-1212 « rstudio.com « Learn more with browseVignettes(package = c("dplyr", "tibble")) - dplyr 0.7.0+ tibble 1.2.0 - Updated: 2017-03
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TO USE WITH MUTATE ()

mutate() and transmute() apply vectorized
functions to columns to create new columns.
Vectorized functions take vectors as input and
return vectors of the same length as output.

vectorized function

OFFSETS

dplyr:lag() - Offset elements by 1
dplyr::lead() - Offset elements by -1

CUMULATIVE AGGREGATES

dplyr::cumall() - Cumulative all()

dplyr:cumany() - Cumulative any()
cummax() - Cumulative max()

dplyr::cummean() - Cumulative mean()
cummin() - Cumulative min()
cumprod() - Cumulative prodi)
cumsum() - Cumulative sum()

RANKINGS

dplyr::cume_dist() - Proportion of all values <=
dplyr::dense_rank() - rank with ties = min, no
gaps

dplyr:min_rank() - rank with ties = min
dplyr:ntile() - bins into n bins
dplyr::;percent_rank() - min_rank scaled to [0,1]
dplyr:row_number() - rank with ties = "first"

MATH

+,-,%, [, ", %/%, %% - arithmetic ops

log(), log2(), log10() - logs

<, <=, >,>=, =, == |ogical comparisons
dplyr: bemeen() X 3= left & x <=right
dplyr::near() - safe == for floating point
numbers

MISC

dplyr::case_when() - multi-case if_else()
dplyr::coalesce() - first non-NA values by
element across a set of vectors
dplyr:if_else() - element-wise if() + else()
dplyr::na_if() - replace specific values with NA

pmax() - element-wise max()

pmin() - element-wise min()
dplyr::recode() - Vectorized switch()
dplyr:recode_factor() - Vectorized switch()
for factors

TO USE WITH SUMMARISE ()

summarise() applies summary functions to
columns to create a new table. Summary
functions take vectors as input and return single
values as output.

summary function

COUNTS

dplyr:n() - number of values/rows
dplyr::n_distinct() - # of uniques
sum(lis.na()) - # of non-NA’s

LOCATION

mean() - mean, also mean(lis.na())
median() - median

LOGICALS

mean() - Proportion of TRUE’s
sum() - # of TRUE’s

POSITION/ORDER

dplyr:first() - first value
dplyr::last() - last value
dplyr::nth() - value in nth location of vector

RANK

quantile() - nth quantile
min() - minimum value
max() - maximum value

SPREAD

IQR() - Inter-Quartile Range

mad() - median absolute deviation
sd() - standard deviation

var() - variance

Tidy data does not use rownames, which store a
variable outside of the columns. To work with the
rownames, first move them into a column.

rownames_to_column()

Move row names into col.

a <- rownames_to_column(iris, var
 npw

="c")

nan L
at _ N
b u 2 b
cv Al e

< e~

A column_to_rownames()
-+ 2t Move colinrow names.
bu — e
¢ v column_to_rownamesfa, var="C")

!
SE |

t
u
v

Also has_rownames(), remove_rownames()

COMBINE VARIABLES

X Y

(als]c] [ale]c]
atil =l i A it [l B S
bu?2 bu2 bu2bua2
cwi3 dw 1l cwv3idwil

Use bind_cols() to paste tables beside each
other as they are.

bind_cols(...) Returns tables placed side by
side as a single table.
BE SURE THAT ROWS ALIGN.

Use a "Mutating Join" to join one table to
columns from another, matching values with
the rows that they correspond to. Each join
retains a different combination of values from
the tables.

alglc]
a2t 13
buz22
ol el i3 N

left_join(x, y, by =NU
copy=FALSE, suffix= c{“x"“y”] )
Join matchmgvalues from ytc:x

FALSE, suffix=c(“X"%y”),...)

mm right_join(x, y, by = NULL, copy =
13
21 Join matchlngvalues fromxtoy.

aew
£c

NA

wu 3

AEEn inner_join(x, y, by = NULL, copy =
£ 13 FALSE, suffix=c(“x""y"),...)

“22 Join data. Retain only rows with
matches.

3
2

full_join(x, y, by =NULL,
copy=FALSE, suffix=c(“x""y"),...)
Join data. Retain all values, all rows.

aneow g
gccn~d
Zwried

B EN W

Use by = ¢("col1", "col2",...) to
specify one or more common
columns to match on.

left_join(x, y, by = "A")

nee @
‘:nﬂ
EEED

Fer
Ehw

Use a named vector, by = ¢("coll" =
"col2"), to match on columns that
have different names in each table.
left_join(x, y, by =c("C"="D"))

asnd
CE”H
- |

BT
~cE

Use suffix to specify the suffix to
give to unmatched columns that
have the same name in both tables.
left_join(x, y, by =c("C"="D"), suffix=
o'T,"2%)

COMBINE CASES

O] O} O X} fj Of 1)

i EWHA WOMANS UNIVERSITY

Use bind_rows() to paste tables below each
other as they are.

oF |

MM %ok om

s =

bind_rows(..., .id = NULL)

Returns tables one on top of the other
as a single table. Set .id to a column
name to add a column of the original
table names (as pictured)

OOE intersect(x,V, ...)

* Rows that appear in both xand y.

mmm setdiff(x, y, ...)

ancu
RN |
EEEEg

t 1 Rows that appearin x but noty.

union(x, y, ...)

Rows that appearinx ory.
(Duplicates removed). union_all()
retains duplicates.

Use setequal() to test whether two data sets
contain the exact same rows (in any order).

EXTRACT ROWS

X
(4]
a
b
c

cec [
EEEE

Use a

¥

aEw
Ee -
S

"Filtering Join" to filter one table against

the rows of another.

semi_join(x, y, by=NULL, ...)
1 Return rows of x that have a match iny.

T
u'2 USEFUL TO SEE WHAT WILL BE JOINED.

mrmE anti_join(x,y, by =NULL,...)

cw

3 Return rows of x that do not have a
match in y. USEFUL TO SEE WHAT WILL
NOT BE JOINED.
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R programming

Install.packages(“dplyr")
Library(dplyr)

patient <- read.csv(“file T=24~/patient.csv”)
drug <- read.csv(“file =2~/drug.csv”)

admission <- read.csv(“file =2~/drug.csv”)
surgery <- read.csv(“file =24~/surgery.csv”)

temp <-dplyr:left_join(patient, drug, by="id")
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Patients with the ICD-10-code of opioid-related disorder (F11*) OR
patients with a diagnosis that includes:

"opioid*" OR "narcotic*" OR "analgesic*™ OR "abuse*" OR "dependen*"
OR "addict*™" OR "intoxi*" in CDW / EMR

(n=464) . . .
v/ Narcotic use disorder2| 2tX}9|
- x =
Exclusion via programming a7 | O:” =
- Patients without a history of narcotic prescription in our hospital (n=262)
AN
n=202
Al C C =)
v AH FctEOoZ NUD TICHE Bt
Exclusion via chart review
A= O MQIOL} SHE QFAl
o| - Not narcotic use disorder (NUD); other drug-related (n=154) — T 1 AMAN—""], OO O
"] - Prescribed mainly at other hospitals before diagnosis (n=11) - L o
- Adverse effects in therapeutic use (n=4) él- N U D 9' A|:|I %l-xl-t El'c'; S)JI\- =)
- Narcotics withdrawal (n=4)
N\
Y

Confirmed as
"Patients diagnosed with NUD"
(n=29)
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Actual MEDD ~
=0verlapped MEDD for Day 7
=40+15+15=70

Intake days
Multiple doctors Day1 | Day2 | Day3 | Day4 | Day5 | Day6é Day8 | Day9 |Day10|Day11 |Day12(Day13|Day14|Day15
Doctor 1 .
Drug A (MEDD=10) Prescription days 40
Drug B (MEDD=10)
Drug C (MEDD=20) A A A
Total MEDD=40 i i i
15
Prescription days
Doctor 2 < >

Drug D (MEDD=5) 2A <:

Drug E (MEDD=5) s <:

Drug F (MEDD=5) *m

Total MEDD=15 i A
; i 0\

Prescribed MEDD
=The maximum MEDD among
~ » each doctor's prescribed MEDD
for the Day 7
=40

. MEDD ratio
(a ) MEDD ratio — =actual MEDD/prescribed MEDD
=70/40=1.75

MEDD ratio *

122 (122 (122 | 122 | 1.75 | 1.75 | 1.756 | 122 | 1.756 | 1.756 [ 1.75 [ 1.22 [ 1.22 [ 122 | 1.22

P

Prescription number

2 0 0 0 1 1 0 0 1 0 1 0 0 0 0

Prescription dates with the MEDD ratio of 21.5 |

( b) wt_ M E D D SCO re - Number of prescription dates with the MEDD ratio of 21.5

= wt-MEDD score = 1+1+1+1 =4
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Table 1. Structure of a part of the narcotic prescription table

Row Patient Drug Prescription Prescription MEDD
date day

1 Pl A R ) 5 15

2 Pl B L) 7 30

3 Pl C RREE_EE02 5 20

4 P2

Abbreviation: MEDD, morphine equivalent daily dose.

Table 2. Structure of a part of the modified narcotics prescription table according to each intake

date to calculate overlapping MEDD

Row Patient Drug Prescription | Prescription | MEDD Intake date | Overlapping
date day MEDD

1 Pl A ERIEEEOL | S 15 EREEEEO] | 45

2 Pl A HERIEEEOL | S 15 HEREEEE02 | 45

3 Pl A EREEEEOL | S 15 HEREEEE0T | 45

4 Pl A EREEFEOL | S 15 EREEEE04 | 65

5 Pl A FERAEXENL | S 15 FEREE XS | 65

6 Pl B ERIEREOL | T 30 FEREEKEO] | 45

7 Pl B REREERE O] | T 30 FREEKE02 | 45

8 Pl B HEaEREOL | 7 30 HEEEEE0I | 45

9 Pl B HREEREOL | T 30 HEEEEEN4 | 65

10 Pl B REEEEOL | T 30 HEREEEENS | 65

11 Pl B HREEREOL | T 30 HEREEEE06 | S0

12 Pl B REEREOL | T 30 EREEEENT | 50

13 Pl C HERAEEENL | S 20 HEREEEE(N4 | 65

14 Pl C HERAEFENL | S 20 HEREEEENS | 65

15 Pl C HEREEEE N4 | S 20 HEEEEE06 | 50

16 Pl C HERAEKE(O4 | S 20 EREEEEOT | 50

17 Pl C ERAE X4 | S 20 FEREEKEOR | 20

18 p2

Abbreviation: MEDD, morphine equivalent daily dose.
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Table 3. Partial list of doctor outliers of the wt-MEDD score

Percentage Outlier
Rank Doctor Department Prescription compared to scores Converted Is outlier?
(de-identified) (de-identified) number the mean P-value .
(Z score)
value (%)
1 * * * * 60.678442 < 0.000001 TRUE FALSE TRUE {outliers)
2 * * * * 39.274941 < 0.000001 TRUE 773284707 |
3 * . * * 33.336398 <0.000001  TRUE sassszar | Il:- j}j:
4 * * * * 26.614296 <0.000001  TRUE -
5 * * * * 13.994891 < 0.000001 TRUE b3sf416a26-  femm |
6 * * * * 12.469015 <0.000001  TRUE ooy
7 * * * * 8.056348 < 0.000001 TRUE T sodesafc2s- b
8 » . . ) 6.612952  <0.000001  TRUE S o ;
9 * * * * 5.788154 < 0.000001 TRUE T sdeteaveso- |
10 * * * * 5.540715 < 0.000001 TRUE ) ‘;:’igij‘: 1 t-
11 * * * * 5.375755 < 0.000001 TRUE ‘g acicasdoot- P
12 * * * * 5.252035 < 0.000001 TRUE £ wcopan7- |
13 * * * * 4757157 0.000002  TRUE | Jowa e ——
14 * * * * 4179798  0.000029  TRUE sapcadacec- b
14 . . * . 4.179798  0.000029  TRUE e e
15 * * * * 4.014839 0.000059 TRUE 1a8784f6dc - |m
16 * * * * 3.973599 0.000071 TRUE 1839f555bd - [
Obfd26b010-  [fe
17 # * " * 3.932359  0.000084 TRUE pulbotl
18 * * * * 3.808639 0.000140 TRUE 0 * . wr 0 * A -
18 * * #* * 3.808639 0.000140 TRUE Prescription numbers of each doctor
19 * * * * 3.767400 0.000165 TRUE
20 * * * * 3.684920 0.000229 TRUE
21 * * * * 3.643680 0.000269 TRUE
22 * * * * 3.355001 0.000794 TRUE
23 * * * * 3.313761 0.000921 TRUE
Abbreviation: wt-MEDD, weighted morphine equivalent daily dose.
*Masked because it is sensitive information.
EWHA,
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Table 4. Comparison of the detection performance of various indexes for patients diagnosed with

NUD () O|toxjof{ et

o2 EWHA WOMANS UNIVERSITY

SensitivitySpecificity Accuracy McNemar’s

Indexes Cut-off (%) (%) (%) P_value
MEDD
wt-MEDD score (*) 10.5 100.0 99.6 99.6 Reference
Highest overlapping MEDD (1) 52.25 100.0 95.6 95.6 <0.001
Prescription number with intended MEDD = 50 10.5 93.1 99.3 99.3 <0.001
Prescription number with intended MEDD = 90 6.5 93.1 99.0 99.0 <(0.001
Frequency & duration
Total prescription number (2) 15.5 100.0 98.8 98.8 <0.001
Total quarter 5.5 89.7 98.4 98.4 <0.001
Highest prescription number per quartert for all <0.001

prescription periods 4.5 100.0 o7 97.1

Prescription day

OncP;cscrlptlon number with > 14 prescription days at 115 89.7 995 995 <0.001
> 30 days at once (3) 0.5 62.1 98.3 98.3 <0.001
> 60 days at once 1.5 27.6 99.7 99.7 <(0.001
> 90 days at once 35 13.8 100.0 99.9 <0.001

Number of doctors
Total number of doctors (4) 6.5 96.6 98.7 98.7 <0.001
Quarter number with doctor number of > 4 0.5 93.1 98.3 98.3 0.107
Highest number of doctors per quartert for all <0.001

prescription periods 23 96.6 9.3 963

Early prescription

Prescription number with > | day earlier than 15 031 99 1 99.1 <0.001

scheduled visit ’ ’ ’ ’
> 2 days earlier 0.5 89.7 98.6 98.6 <0.001
> 3 days earlier 0.5 89.7 98.8 98.8 <0.001
>4 days earlier 1.5 86.2 99.5 99.5 <0.001
> 5§ days earlier 1.5 86.2 99.5 99.5 <(0.001
> 6 days earlier 1.5 86.2 99.6 99.6 <0.001
=7 days earlier (5) 0.5 86.2 99.1 99.1 <0.001
= 10 days earlier 1.5 82.8 99.7 99.7 0.548
> 14 days earlier 0.5 82.8 99.5 99.5 <0.001

Combination of methods
(1) N (2) N (4) (triple-test) 96.6 99.5 995  <0.001
)N (2)NG)N (@) 58.6 998 998  <0.001
MNE)NG)NG) 82.8 998 998  <0.001
()N (2) N (3) N (4) N (5) 58.6 99.9 99.9  <0.001
(MHN@NA)N@E) U {(HNE@NGE)NEG) 828 99.8 99.8  <0.001
(1) N (2) N (@) N (¥) 96.6 99.7 99.7  <0.001
(NN G)N @) N 58.6 99.9 999  <0.001
MNE) NG NG 82.8 998 998  <0.001
(1) N (2) N (3) N (@) N (5)N (%) 58.6 99.9 999  <0.001
((HNENENE) U ()NE@NE)NENN 08 998  oggg o001

(@)

EWHA, Abbreviations: MEDD, morphine equivalent daily dose.

THE FUTURE

WE CREATE tQuarters were divided as Jan-Mar, Apr-Jun, Jul-Sep, and Oct-Dec.
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(a) wt-MEDD score

: Diagnosis of

§ wt-MEDD score = 10 | narcotic use disorder
[=] '
@ 100 H — wt-MEDD score
H :
e 5
o v
012 ot 6 2018
Years
(b) MEDD
\Diagnosis of
inarcotic use disorder
g i MEDD
g % Actual MEDD

-# Prescribed MEDD

2002 2014 2016 2018

Years
(c) Prescription days
0 :Diagnosis of
‘narcotic use disorder
N H
S 40 -~
5 Prescription days
=S .y - Mean
H ~ i Min-Max
820 e e — . iy
< .,"o.- byt gt e
-
0 H
2012 2014 2016 2018
Years

(d) Prescription number
= \Diagnosis of
inarcotic use disorder

Prescription number

-8 Count per quarter

Prescription number

2012 014 2016 018

(e) Doctor number
\Diagnosis of
inarcotic use disorder

Doctor number

- Count per quarter

Doctor number

012 014 016 2018

Years.

(f) Early prescription number (27days earlier)

\Diagnosis of
inarcotic use disorder

Prescription number

- Count per quarter

Prescription number

'
'
'
'
]
'
'
'
'

7 Ol 2fofxicyoti
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Drug abuse determination apparatus and method
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Thank you!

yijunkim@ewha.ac.kr
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