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Quick Start

For quality control of health datasets, there are several high-level functions in ‘eHDPrep’:
1. import_dataset () - import the dataset in .csv, .tsv, or .xlsx format.

. assess_quality() - assess data quality including diagnostics.
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3. apply_quality_ctrl() - apply quality control measures to the dataset.
4. review_quality_ctrl() - review changes made during quality control.
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. export_dataset () - export dataset to .csv or .tsv format.
A synthetic example dataset, example_data, is used in this vignette and examples to demonstrate functionality.

‘eHDPrep’ also provides functionality for semantic enrichment with semantic_enrichment () where meta-
variables are discovered from the semantic relationships between input variables as recorded in user-provided
ontologies. A small ontology, example_ontology, is included with the package.

Introduction

Data preparation is a key foundation for reliable analysis of health data, ‘eHDPrep’ has been developed for
this purpose (Toner et al. 2023). The functionality is broadly divided between two themes:

e Quality Control (QC)
o Semantic Enrichment (SE)

Additionally, two “levels” of functions are provided:

e “High-level” functions wrap several “low-level” functions, allowing the user to perform fast, general
quality control and SE. This is appropriate for inexperienced R users or those who require rapid data
preparation.

e “Low-level” functions require more user interaction, but can be parameterised more extensively to
accommodate specific aspects of a dataset. Some of the “low-level” functions are not provided in the
“high-level” functions because they require additional user guidance; for example the merging function:
merge_cols() (see Merge variables).

Finally, this package is built using several packages from the ‘tidyverse’ and follows its structures and
grammars (Wickham et al. 2019). Therefore, the data object can typically be piped through the functions of
‘eHDPrep’ which will be modified as described in the function’s documentation and returned. We recommend
that users have experience with the pipe operator and core ‘tidyverse’ packages before using ‘eHDPrep’.

Data

We have created a small synthetic health dataset (a tibble named example_data) to demonstrate the
functionality of this package. It contains 10 variables and 1000 observations and is documented in ?example_-
data.

data(example_data)

tibble: :glimpse (example_data)
#> Rows: 1,000

#> Columns: 12

#> $ patient_id <int> 1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 1~
#> $ tumoursize <dbl> 61.71058, 64.18932, 47.81393, 40.93006, 62.11775, 13.64088, ~
#> $ t Stage <Ch,r.> IIT3a n IIT3b n IIT1 n IIT3a n IIT4 n IIT1 n IIT1 n IIT3b n IIT2 n IIT~
#> $ n_ s tage <Ch,’-.> IIN2 n IIN1 n IINZ n IINO n IIN1 n IIN2 n IINZ n IINI n /IN-Z n IINO n ~
#> $ dz abet es <ch,,-.> n Yes ”; n Yes Il’ /INO II, ”NO ”; n Yes Il’ /INO Il, ”NO II’ IINO II’ IINO Il’ HNO ~


https://tidyverse.org/
https://magrittr.tidyverse.org/reference/pipe.html
https://tibble.tidyverse.org

#> § diabetes_type <chr> "Type I", "Type II", "Type I", NA, "Type I", NA, NA, NA, NA,~
#> $§ hypertension <chr> "Yes", "Yes'", "Yes'", "Yes", "No", "Yes", "No", "No", "Yes", ~

#> & rural_urban <chr> "rural”, "urban”, "rural”, "rural”, "urban", "urban", "urban~
#> § marital_status <chr> "married”, "divorced"”, "divorced", "single", "single", "sing~
#> $ SNP_a <Ch,r,> ”CC“, "CC”, IICCII’ IICII’ Ilggll, Ilgll, IICII’ llggll’ llgll’ llgll’ llggll’~
#> $ SNP_b <Ch,r.> IIttlI, Iltall) Iltll) Ilttll’ Iltll’ Iltll’ Iltll’ Ilttll’ Iltll’ Ila’II, Ila’II, ",
#> § free_text <chr> "We need grain to keep our mules healthy.", "The gold rTing f~

Quality control

The quality control functions aim to assess, improve, and compare the quality of a dataset along multiple
quality dimensions: completeness, validity, accuracy, consistency, and uniqueness (Roebuck 2011). A suggested
workflow for quality control is shown below. The order of these steps is defined by dependency, where later
steps benefit from earlier steps.
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Figure 1: Suggested workflow of low-level quality control functions in eHDPrep. Dashed lines and boxes
represent optional steps.

High level functions

Quality control can be performed with little code using the high-level functions. It is suggested that the
functions are applied in the order that they appear in this section.

Data Import

‘

eHDPrep’ provides methods to import a dataset into ‘R’ from several file types where functionality from
readxl and readr is wrapped into the function import_dataset():

# Not run, just examples:

#excel

data <- import_dataset(file = "./dataset.xlsx", format = "excel")
#csv



data <- import_dataset(file = "./dataset.csv", format = "csv"
#tsv
data <- import_dataset(file = "./dataset.tsv", format = "tsv")

Assess input data quality

An initial assessment of a dataset’s quality provides a good basis for its semantic characterisation in
understanding variables which require particular attention during quality control. assess_quality () will
return a list with three top-level elements.

1. A list of completeness measures:
i. A tibble describing row completeness
ii. A tibble describing variable (column) completeness
iii. A bar plot showing row and variable completeness
iv. A heatmap of completeness, clustered on both axes
v. A function to ensure completeness heatmap is plotted on a blank canvas

2. A report of internal inconsistencies (requires consis_tbl to be provided; see Internal Consistency for
more information).

3. A character vector of variables with no entropy (contains only one unique value; see Shannon (1948)).

data(example_data)

# create a consistency table containing consistency rules

# below states: 1f a patient has a type of diabetes, they should have diabetes

ct <- tibble::tribble(~varA, ~varB, ~1lgl_test, ~varA_boundaries, ~varB_boundaries,
"diabetes_type", "diabetes", NA, "Type I", "Yes",
"diabetes_type", "diabetes", NA, "Type II", "Yes")

res <- assess_quality(data = example_data, id_var = patient_id, consis_tbl = ct)

res$completeness$row_completeness
#> # A tibble: 1,000 z 4
#> patient_id NAs NAs_percent Completeness

#> <chr> <int> <dbl> <dbl>
w14 1 8.3 92.
# 26 1 8.3 92.
# 37 1 8.3 92.
# 48 1 8.3 92.
# 509 1 8.3 92.
# 6 10 1 8.3 92.
# 712 1 8.3 92.
#> 815 1 8.3 92.
# 9 17 1 8.3 92.
#> 10 18 1 8.3 92.

#> # 1 990 more Tows
res$completeness$variable_completeness
#> # A tibble: 12 = 4

#> Vartable NAs NAs_percent Completeness
#> <chr> <int> <dbl> <dbl>
#> 1 diabetes_type 505 50. 4.9el
#> 2 patient_id 0 0 1 e2



#> 3 tumoursize 0 0 1 e2
#> 4 t_stage 0 0 1 e2
#> b5 n_stage 0 0 1 e2
#> 6 diabetes 0 0 1 e2
#> 7 hypertension 0 0 1 e2
#> 8 rural_urban 0 0 1 e2
#> 9 marital_status 0 0 1 e2
#> 10 SNP_a 0 0 1 e2
#> 11 SNP_b 0 0 1 e2
#> 12 free_text 0 0 1 e2

res$completeness$completeness_plot
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Figure 2: Percentage completeness (x-axis) by count (y-axis) for both rows (red) and variables (purple) of

‘example__data’.

plot.new()
res$completeness$completeness_heatmap
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Figure 3: Completeness heatmap for ‘example_ data’ Yellow cells represent missing values and blue cells
represent non-missing values.

res$internal _inconsistency
#> # A tibble: 4 x 8

#> var_a var_b lgl_test war_a_range wvar_b_range row values_a
#> <chr> <chr> <chr> <chr> <chr> <int> <chr>

#> 1 diabetes_type diabetes <NA> Type I Yes 3 Type I
#> 2 diabetes_type diabetes <NA> Type I Yes 190 Type I
#> 3 diabetes_type diabetes <NA> Type I Yes 873 Type I
#> 4 diabetes_type diabetes <NA> Type II Yes 715 Type II

#> values_b
#> <chr>
#> 1 No

#> 2 missing
#> 3 missing
#> 4 missing

res$vars_with_zero_entropy
#> character(0)



Apply quality control

To apply quality control to a dataset in one function, as apply_quality_ctrl() does, it is important to
ensure variables are processed appropriately according to their data type. ‘R’ and ‘eHDPrep’ suggest data
types with assume_var_classes() which writes the results to a .csv file. The user can amend this externally
and import back into ‘R’ with import_var_classes().

tmp = tempfile(fileext = ".csv")
assume_var_classes(data = example_data, out_file = tmp)

# (user makes manual edits externally)

import_var_classes(file = tmp)

#> Rows: 12 Columns: 2

#> —-- Column spectification ———————————————— - - ——— -
#> Delimiter: ","

#> chr (2): var, datatype

#>

#> 1 Use “spec()’ to retrieve the full column specification for this data.

#> 1 Specify the column types or set “show_col_types = FALSE™ to quiet this message.
#> # A tibble: 12 x 2

#> var datatype
#> <chr> <chr>

#> 1 patient_id integer
#> 2 tumoursize nuUmerLc
#> 3 t_stage character
#> 4 n_stage factor

#> b diabetes factor

#> 6 diabetes_type binary

#> 7 hypertension  binary

#> 8 rural_urban binary

#> 9 marital_status factor

#> 10 SNP_a character
#> 11 SNP_b character
#> 12 free_text character

The permitted datatypes are: "id", "numeric", "double", "integer", "character", "factor", "binary",
"ordinal", "ordinal_tstage", "ordinal_nstage", "genotype", "freetext", "logical", and "date".
Note that ordinal variables are not modified by apply_quality_ctrl() as the ordinal classes would need
to be specified for each variable. ‘eHDPrep’ provides two special ordinal data types "ordinal_tstage" and
"ordinal_nstage" for two common cancer staging measures where the orders are precoded.

assume_var_classes() labels character and factor variables with exactly two unique non-missing values as
"binary", and those with more than two but no more than factor_threshold (default 5) unique values
as "factor". Factor detection can be disabled with factor_threshold = 0 or NULL. Variables classed as
"numeric" are converted with coerce_numeric_vars(), which reports any values that could not be parsed
and were therefore set to NA; this is applied automatically by apply_quality_ctrl().

Date and date-time variables are labelled "date". Dates frequently arrive as text, so variables classed as
"date" are converted with coerce_dates(), which parses common formats (2020-01-15, 15/01/2020, and
similar) and reports any values it could not interpret:
coerce_dates(tibble: :tibble(date_of_diagnosis = c("2020-01-15", "2020-03-15",
"not recorded")),
date_of_diagnosis)
#> “date_of_diagnosis : 1 walue(s) coerced to NA: "not recorded”



#> # A tibble: 3 z 1
#> date_of diagnosis
#> <date>

#> 1 2020-01-15

#> 2 2020-03-15

#> 3 NA

Day-first formats are recognised too, so "15/01/2020" is read as 15 January 2020 rather than the year 15. A
single format is chosen per variable, however: this keeps the interpretation of ambiguous dates consistent
across a variable, but means that a variable mixing formats will have the values in the minority format
reported and set to NA rather than silently parsed under a different interpretation. Where this occurs,
standardise the variable before quality control.

Beyond this coercion, date variables are left unmodified by apply_quality_ctrl(), as they are already
ordered and machine-interpretable. They participate in the other quality control steps as any other variable:
they are included in completeness assessment, can be imputed (with the median date, since dates are ordered),
can be compared in Internal consistency rules such as requiring a date of birth to precede a date of death,
and are converted to days since 1970-01-01 by encode_as_num_mat ().

The data types for example_data, after the manual amendments described above, are shown below. assume_-
var_classes() can only infer a class from the values it sees, so the domain-specific classes are supplied
by the user at this stage: patient_id becomes "id", t_stage and n_stage become the precoded ordinal
types, the two SNP variables become "genotype", and free_text becomes "freetext". The two-category
variables hypertension, rural_urban and diabetes_type are detected as "binary" automatically and are
kept as such. In the case of diabetes_type, "Type I" and "Type II" are distinct classifications rather
than ordered levels, so an unordered two-level encoding is appropriate; a variable whose two categories were
ordered would instead be classed as "ordinal" and given explicit levels.

Note also that diabetes is detected as "factor" rather than "binary" because it has three distinct raw
values ("Yes", "No" and the missingness string "missing"). Once missingness is standardised to NA (see
Encoding missing values) only two values remain, and apply_quality_ctrl() treats it as binary from that
point on.

data_types

#> # A tebble: 12 = 2

#> var datatype

#> <chr> <chr>

#> 1 patient_id id

#> 2 tumoursize numeric

#> 3 t_stage ordinal_tstage
#> 4 n_stage ordinal_nstage
#> b5 diabetes factor

#> 6 diabetes_type binary

#> 7 hypertension  binary

#> 8 rural_urban binary

#> 9 marital_status factor

#> 10 SNP_a genotype

#> 11 SNP_b genotype

#> 12 free_text freetext

Data types are modified as follows:

Data type Modification Summary
id Ignored
numeric Ignored
double Ignored



Data type Modification Summary

integer Ignored
ordinal Ignored
logical Ignored
date Coerced to Date with coerce_dates() if not already a date; values which

cannot be parsed are set to NA and reported. Otherwise left unmodified, as
dates are already ordered and machine-interpretable

ordinal_tstage Converted to ordered factor with predetermined levels
ordinal_nstage Converted to ordered factor with predetermined levels
binary Converted to ordered factor with two levels, using the pair given in the

bin_cats parameter (see 7encode_binary_cats). Mixed boolean encodings
(e.g. "no", "N", "False") are normalised before matching. If no pair in
bin_cats matches the variable’s two values, it is left unmodified

factor; character If >2 categories: converted to multiple variables using one-hot encoding (see
Encoding categorical data). If 2 categories, specified in bin_cats parameter:
converted to ordered factor with two levels (see 7encode_binary_cats)

genotype Converted to ordered factors using SNP allele frequency in the variable (see
Encoding genotype (SNP) data)
freetext Groups of words which appear within two words each other in the variable

with a minimum frequency of occurrence set by min_freq are converted to
logical variables describing each group (see Extract information from free text
variables)

Quality Control with the function apply_quality_control() is performed upon
the example_data with the following parameters (please see below):

e data: The dataset to be quality controlled.
e id_var: The variable which identifies each row. Note it is not surrounded by quotes.
e class_tbl: The object shown above describing variables’ data types.

e bin_cats: A character vector showing how variables with two options should be encoded with the
syntax negative_finding = positive_finding. If positivity /negativity is not associated with the
binary categories of a variable (e.g. rural_urban in example_data) then the ordering can be arbitrarily
decided. A pair must be supplied for every variable classed as "binary"; a binary variable whose two
values match no pair in bin_cats is left unmodified. Here "Type I" = "Type II" is included so that
diabetes_type is encoded — the ordering carries no meaning in this case, as the two diabetes types
are distinct classifications rather than ranked levels.

e min_freq: The minimum frequency of occurrence for groups of proximal words in free-text vari-
ables. Those which meet this threshold are added as logical variables (see 7extract_freetext and
?skipgram_append). This is ignored if there are no free-text variables specified in class_tbl.

o impute: Optionally, missing values can be imputed by setting impute = TRUE (default FALSE). The
strategy is chosen with impute_method (default "auto"; see Imputing missing values). Imputation is
applied after missing values are standardised but before any encoding, so that it operates on the raw
variable values. All variables except id_var and free-text variables are imputed.

apply_quality_ctrl(data = example_data,
id_var = patient_id,
class_tbl = data_types,

bin_cats =c("No" = "Yes", "rural" = "urban",
|lType Ill = I|Type IIH) s
min_freq = 0.6)
#> Warning: The following variables specified in ~... , contain 2 or fewer distinct mon-missing values:



#> - diabetes
#> These wvariables may be more suitable for other functionality such as eHDPrep::encode_binary_cats().
#> # A tibble: 1,000 = 18

#> patient_id tumoursize t_stage n_stage diabetes diabetes_type hypertension
#> <dbl> <dbl> <ord> <ord> <fct> <fct> <fct>
#> 1 1 62. T3a N2 Yes Type I Yes

#> 2 2 64. T3b N1 Yes Type IT Yes

#> 3 3 48. T1 N2 No Type I Yes

#> 4 4 41. T3a No No <NA> Yes

#> 5 5 62. T4 N1 Yes Type I No

#> 6 6 14. T1 Ne No <NA> Yes

#> 7 7 63. T1 N2 No <NA> No

#> 8 8 44. T3b N1 No <NA> No

#> 9 9 44. T2 N1 No <NA> Yes

#> 10 10 32. T1 No No <NA> No

#> rural_urban SNP_a SNP_b board_will leas_ran sizteen_week white_back
#> <fct> <ord> <ord> <dbl> <dbl> <dbl> <dbl>
# 1 rural c/C T/T 0 0 0 0
#> 2 urban c/c A/T 0 0 0 0
#> 3 rural ¢/C T/T 0 0 0 0
#> 4 rural ¢/C T/T 0 0 0 0
#> 5 urban G/G T/T 0 0 0 0
#> 6 urban G/G T/T 0 0 0 0
#> 7 urban c/C  T/T 0 0 0 0
#> 8 rural G/G T/T 0 0 0 0
#> 9 rural G/G T/T 0 0 0 0
#> 10 rural G/G A/A 0 0 0 0

#> # 4 990 more Tows
#> # 1 4 more vartables: marital_status_divorced <dbl>, marital_status_married <dbl>,
#> # marital_status_single <dbl>, marital_status_NA <dbl>

The variables diabetes and diabetes_type demonstrate some of the limitations of using the high-level
functions which do not support variable merging due to required additional user configuration. For this
dataset, we can first merge the two diabetes variables using a low-level function (see merge_cols() in Merge
Variables) before apply_quality_ctrl() to produce a dataset with higher uniqueness. Note the data types
need to be updated to include the new merged variable:

Updated class_tbl:

data_types_diabetes_m
#> # A tibdble: 11 ¢ 2

#> var datatype

#> <chr> <chr>

#> 1 patient_id %d

#> 2 tumoursize numeric

#> 3 t_stage ordinal_tstage
#> 4 n_stage ordinal_nstage
#> 5 diabetes_merged factor

#> 6 hypertension binary

#> 7 rural_urban binary

#> 8 marital_status factor

#> 9 SNP_a genotype

#> 10 SNP_b genotype

#> 11 free_text freetext

10



Quality control using low-level function, merge_cols(), to merge variables (see Merge Variables):

require(magrittr) # for pipe: />)
#> Loading required package: magritir
example_data %>%
# first merge diabetes wvariables
merge_cols(primary_var = diabetes_type,
secondary_var = diabetes,
merge_var_name = '"diabetes_merged",
rm_in_vars = TRUE) %>%
# pass data with diabetes_merged to high-level (C function
apply_quality_ctrl(id_var = patient_id, class_tbl = data_types_diabetes_m,
bin_cats =c("No" = "Yes", "rural" = "urban")) ->
post_QC_example_data
#> New nmames:
#> * “diabetes_merged_Type I -> ‘diabetes_merged_Type.I’
#> * “diabetes_merged_Type II° -> ‘diabetes_merged_Type.II"

post_QC_example_data
#> # A tibble: 1,000 z 16

#> patient_id tumoursize t_stage n_stage hypertension rural_urban SNP_a SNP_b
#> <dbl> <dbl> <ord> <ord> <fct> <fct> <ord> <ord>
#> 1 1 62. T3a N2 Yes rural c/c T/T
#> 2 2 64. T3b N1 Yes urban c/c  A/T
#> 3 3 48. T1 N2 Yes rural c/c  T/T
#> 4 4 41. T3a No Yes rural c/c  T/T
#> 5 ) 62. T4 N1 No urban G/G T/T
#> 6 6 14. T1 N2 Yes urban G/G T/T
#> 7 7 63. T1 N2 No urban c/c  T/T
#> 8 8 44. T3b N1 No rural G/G T/T
#> 9 9 44. T2 N1 Yes rural G/G T/T
#> 10 10 32. T1 NO No rural G/G A/A
#> diabetes_merged_No diabetes_merged_Type.I diabetes_merged_Type.II

#> <dbl> <dbl> <dbl>

#> 1 0 1 0

#> 2 0 0 1

#> 3 0 1 0

#> 4 1 0 0

#> 5 0 1 0

#> 6 1 0 0

#> 7 1 0 0

#> 8 1 0 0

#> 9 1 0 0

#> 10 1 0 0

#> # 4 990 more Tows

#> # 1 5 more vartables: diabetes_merged NA <dbl>, marital_status_divorced <dbl>,
#> # marital_status_married <dbl>, marital_status_single <dbl>,

#> # marital_status_NA <dbl>

The function merge_cols() may be run with the parameter to_numeric_matrix = TRUE, which automat-
ically converts the dataset to numeric values, facilitated by prior encoding of any categorical, ordinal, or
genotype data:
example_data %>/

# first merge diabetes wvariables

11



merge_cols(primary_var = diabetes_type,
secondary_var = diabetes,
merge_var_name = '"diabetes_merged",
rm_in_vars = TRUE) %>%
# pass data with diabetes_merged to high-level (C function
apply_quality_ctrl(id_var = patient_id, class_tbl = data_types_diabetes_m,
bin_cats =c("No" = "Yes", "rural" = "urban"),
# Relevant line:
to_numeric_matrix = TRUE) ->
post_QC_example_data_m
#> New mames:
#> * “diabetes_merged_Type I~ -> ‘diabetes_merged_Type.I’
#> * “diabetes_merged_Type II° -> “diabetes_merged_Type.Il"

# concise summary of output:

tibble: :glimpse(post_QC_example_data_m)
#> Rows: 1,000
#> Columns: 15

#> $§ tumoursize <dbl> 61.71058, 64.18932, 47.81393, 40.93006, 62.11775, 1~
#> $§ t_stage <dbl> 3, 4, 1, 3, 5, 1, 1, 4, 2, 1, 5, 4, 3, 2, 5, 3, 3, ~
#> § n_stage <dbl> 3, 2, 3, 1, 2, 3, 3, 2, 2, 1, 3, 1, 3, 1, 2, 2, 1, ~
#> $ hypertension <dbl> 2, 2, 2, 2, 1, 2, 1, 1, 2, 1, 2, 1, 1, 1, 1, 2, 1, ~
#> $ rural_urban <dbl> 1, 2, 1, 1, 2, 2, 2, 1, 1, 1, 2, 2, 2, 2, 2, 1, 1, ~
#> $ SNP_a <dbl> 1, 1, 1, 1, 2, 2, 1, 2, 2, 2, 2, 1, 2, 1, 2, 2, 2, ~
#> $ SNP_b <dbl> 2, 3, 2, 2, 2, 2, 2, 2, 2, 1, 1, 3, 1, 3, 2, 1, 2, ~
#> $§ diabetes_merged_No <dbl> o, 0o, o, 1, 0o, 1, 1, 1, 1, 1, 0, 1, 0, O, 1, 0, 1, ~
#> ¢ diabetes_merged_Type.I <dbl> 1, 0, 1, 0, 1, 0, 0, 0, 0, 0, 1, 0, 1, 0, O, 1, O, ~
#> $ diabetes_merged_Type.II <dbl> 0, 1, 0, 0, 0, 0, 0, 0, 0, O, O, O, O, 1, O, O, O, ~
#> $§ diabetes_merged_NA <dbl> o0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0O, ~
#> $ marital_status_divorced <dbl> 0, 1, 1, 0, 0, 0, 0, 0, 0, 0, 0, O, 0, 0, O, 1, 0, ~
#> $ marital_status_married <dbl> 1, 0, 0, 0, 0, 0, 1, 0, O, 1, 1, 1, 1, 0, 1, O, 1, ~
#> $ marital_status_single <dbl> o, o, o, 1, 1, 1, 0o, 1, 1, 0, 0, 0, 0, 1, 0O, 0, O, ~
#> $ marital_status_NA <dblt> o0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, O, ~

.
.
-
.
.
-
.
-
.
.
-
.
.
-
.

This is useful for preparation for later analysis, including machine learning applications, or for further
preparation with Semantic Enrichment.

Review of all quality control

‘

eHDPrep’ provides functionality for users to review the results of quality control operations that have been
applied to the input data. review_quality_ctrl() provides information of quality control modifications at
multiple levels of detail.

qc_review <- review_quality_ctrl(before_tbl = example_data,
after_tbl = post_QC_example_data,
id_var = patient_id)

The variable_level_changes list element is a tibble with variable names in the first column. The second
column can contain up to three unique values describing the presence of the variable in the post-quality
control dataset (Added, Removed, Preserved):

qc_review$variable_level_changes

#> # A tibble: 20 z 2

#> variable presence
#> <chr> <chr>
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#> 1 patient_id Preserved
#> 2 tumoursize Preserved
#> 3 t_stage Preserved
#> 4 n_stage Preserved
#> 5 diabetes Removed
#> 6 diabetes_type Removed
#> 7 hypertension Preserved
#> 8 rural_urban Preserved
#> 9 marital_status Removed
#> 10 SNP_a Preserved
#> 11 SNP_b Preserved
#> 12 free_text Remowved
#> 13 diabetes_merged_No Added

#> 14 diabetes_merged_Type.I Added
#> 15 diabetes_merged_Type.II Added
#> 16 diabetes_merged_NA Added
#> 17 marital_status_divorced Added
#> 18 marital_status_married Added
#> 19 marital_status_single  Added
#> 20 marital_status_NA Added

The value_level_changes element is a tibble which shows changes made during quality control where each
row records a value modification:

gc_review$value_level_changes
#> # A tibble: 2,019 = 6

#> patient_id new_var old_var old_value new_value mod_type
#> <chr> <chr> <chr> <chr> <chr> <chr>
#> 1 31 t_stage t_stage equivocal <NA> Remowal
#> 2 34 t_stage t_stage equivocal <NA> Remowal
#> 3 44 t_stage t_stage equivocal <NA> Removal
#> 4 48 t_stage t_stage equivocal <NA> Removal
#> 5 261 t_stage t_stage equivocal <NA> Removal
#> 6 263 t_stage t_stage equivocal <NA> Removal
#> 7 348 t_stage t_stage equivocal <NA> Remowval
#> 8 454 t_stage t_stage equivocal <NA> Removal
#> 9 468 t_stage t_stage equivocal <NA> Removal
#> 10 569 t_stage t_stage equivocal <NA> Removal

#> # 1 2,009 more rows

# summary of above
gc_review$value_level_changes 7%>%

dplyr: :distinct(across(!patient_id))
#> # A tibdble: 13 z 5

#> new_var old_var old_value new_wvalue mod_type

#> <chr> <chr> <chr> <chr> <chr>

#> 1 t_stage t_stage equivocal <NA> Remowval

#> 2 SNP_a SNP_aq cc /G Substitution
#> 3 SNP_a SNP_a c /e Substitution
#> 4 SNP_a SNP_a gg G/G Substitution
#> 5 SNP_a SNP_a g G/G Substitution
#> 6 SNP_a SNP_a gc c/G Substitution
#> 7 SNP_a SNP_aq cg c/G Substitution
#> 8 SNP_b SNP_b tt /T Substitution
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# 9 SNP.b SNP_.b ta A/T Substitution

#> 10 SNP_b SNP_b t T/T Substitution
#> 11 SNP.b SNP_.b a A/A Substitution
#> 12 SNP_b SNP_b at A/T Substitution
#> 13 SNP_b SNP_b aa A/A Substitution

Note in the above that “gc” has been encoded, via encode_genotypes(), as “C/G” to create a standard
representation of this SNP allele. Positional information for SNP allele should be recorded elsewhere, if
required.

The value_level_changes_plt element visualises the content of the value_level_changes element. It is
a bar plot with rows on the x-axis and the proportion of each row’s values which were modified (removed,
substituted, or added) on the y-axis. This can be useful when many changes have occurred and the source
table contains a large amount of data.

gc_review$value_level_changes_plt

0.3%

Modification
0.2% Type
Addition

Substitution

i = z:moval

Proportion of Values Modified

0.0%
patient_id
Figure 4: Proportion of values modified per patient in ‘example data‘ following quality control. This plot

summarises the modifications made to the data during quality control.

Data export

Modified data can be exported with export_dataset () as either .csv or .tsv:

#csv

export_dataset(x = post_QC_example_data,
file = "./post_QC_example_data.csv",
format = "csv"

#tsv

export_dataset(x = post_QC_example_data,
file = "./post_QC_example_data.csv",
format = "tsv")

Low level functions

This section describes functions that can provide more granular access to the ‘eHDPrep’ quality control
operations. While the functionality is largely available within ‘high-level’ functions, directly calling low-level
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functions provides greater scope to adjust individual parameter values and allows for finer-grained assessment
of each step in the quality control process. Operations that may only be performed using low-level functions
are: merge_cols(), compare_info_content (), compare_info_content_plt() (see Merge variables).

Measure completeness

Completeness in variables and rows can be calculated in tibbles and visualised in a bar plot as shown below:

variable_completeness(example_data)
#> # A tidbble: 12 = 4

#> Vartable NAs NAs_percent Completeness
#> <chr> <int> <dbl> <dbl>
#> 1 diabetes_type 505 50. 4.9el
#> 2 patient_id 0 0 1 e2
#> 3 tumoursize 0 0 1 e2
#> 4 t_stage 0 0 1 e2
#> b5 n_stage 0 0 1 e2
#> 6 diabetes 0 0 1 e2
#> 7 hypertension 0 0 1 e2
#> 8 rural_urban 0 0 1 e2
#> 9 marital_status 0 0 1 e2
#> 10 SNP_a 0 0 1 e2
#> 11 SNP_b 0 0 1 e2
#> 12 free_text 0 0 1 e2

row_completeness(data = example_data, id_var = patient_id)
#> # A tibble: 1,000 z 4
#> patient_id  NAs NAs_percent Completeness

#> <chr> <int> <dbl> <dbl>
# 14 1 8.3 92.
# 26 1 8.3 92.
# 37 1 8.3 92.
# 48 1 8.3 92.
# 59 1 8.3 92.
# 6 10 1 8.3 92.
# 712 1 8.3 92.
#> 8 15 1 8.3 92.
# 9 17 1 8.3 92.
#> 10 18 1 8.3 92.

#> # 1 990 more rows

plot_completeness(data = example_data, id_var = patient_id, plot = "variables")
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Figure 5: Percentage completeness (x-axis) by count (y-axis) for variables of ‘example_ data
plot_completeness(data = example_data, id_var = patient_id, plot = "rows"
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Figure 6: Percentage completeness (x-axis) by count (y-axis) for rows of ‘example_data’.

An overview of the dataset completeness is generated by completeness_heatmap() which utilises ‘pheatmap’
(Kolde 2019). Additional parameters are passed to pheatmap() through ... (see ?pheatmap for all options).

Additional parameters are supplied in creating the heatmap below where the row names are hidden because
they clutter the plot. The completeness

heatmap may be useful for identifying structural patterns in the missingness, for example

indicative of non-random missingness.There are three underlying methods which are used to encode the data
so that non-numeric data can be visualised:

1. (Default). Missing values are numerically encoded with a highly negative number, numerically distant
from all values in data. Non-missing values in categorical variables are replaced with the number of

16



unique values in the variable. Clustering uses these values. Cells are coloured by presence (yellow =
missing; blue = present).

2. Same as 1 but cells are coloured by the values input to the clustering algorithm (instead of missing or
present).

3. Boolean values are used for clustering (present values = 1; missing values = 0). Cells are coloured by
presence (yellow = missing; blue = present).

# show_rownames ts passed to pheatmap() through the °...  parameter
hm <- completeness_heatmap(data = strings_to_NA(example_data),
id_var = patient_id,
show_rownames = F)
plot.new()
hm
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Figure 7: Completeness heatmap of ‘example data‘ after pre-defined strings have been converted to ‘NA‘
Yellow cells represent missing values and blue cells represent non-missing values.

Variable-level annotations can be provided with the annotation_tbl parameter to further characterise
completeness patterns. Below, the data_types tibble is used:

hm <- completeness_heatmap(data = strings_to_NA(example_data),
id_var = patient_id,
show_rownames = FALSE,
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annotation_tbl = data_types)
plot.new()
hm
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Figure 8: Completeness heatmap of ‘example_data‘ after pre-defined strings have been converted to ‘NA"
Yellow cells represent missing values and blue cells represent non-missing values. Variables are annotated by
their data type.

Comparison of dataset completeness before and after quality control is available using the
compare_completeness() function. The plot below reveals a decrease in reported
completeness following quality control because the input example_data encoded
missingness as strings (for example ‘not recorded’) which were converted to NA values
during quality control.

compare_completeness(tbl_a = example_data, tbl_b = strings_to_NA(example_data),
dim = 1, tbl_a_lab = "example_data",
tbl_b_lab = "strings_to_NA(\nexample_data\n)")
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Figure 9: Density plot comparing percentage row completeness of ‘example_data‘ before specified strings
have been converted to ‘NA* (purple) and after (green).

Internal consistency

Relationships between the values of different, but related, variables for a given patient
may be used to define rules that identify internal inconsistencies. For example the
number_of lymph_nodes examined should be greater than or equal to the
number_of positive_lymph_nodes. identify_inconsistency() can test pairs of variables in multiple
ways:
1. Logical operators (<, <=, ==, 1= >= >)

) )

2. Comparing permitted categories (e.g. catl in varA only if cat2 in varB)

3. Comparing permitted numeric ranges (e.g. 20-25 in varC only if 10-20 in varD

4. Mixtures of 2 and 3 (e.g. catl in varA only if 20-25 in varC)

5. Constraining a single variable against fixed values (e.g. age must be >= 70, or must lie within 0:120)

The internal consistency tests rely on such rules being specified in a separate data frame (argument: consis_-
tbl). An example of this type of table is shown below. Column headers are not important but column order
is important. See ?validate_consistency_tbl for all requirements.

example_incon_rules <- tibble::tribble(~varA, ~varB, ~1lgl_test, ~varA_boundaries, ~varB_boundaries,
"diabetes_type", "diabetes", NA, "Type I", "Yes",
"diabetes_type", "diabetes", NA, "Type II", "Yes"

)
example_incon_rules
#> # A tibble: 2 = 5
#> vari varB lgl_test wvarA_boundaries wvarB_boundaries
#> <chr> <chr> <tgl> <chr> <chr>
#> 1 diabetes_type diabetes NA Type I Yes
#> 2 diabetes_type diabetes NA Type II Yes

These rules are interpreted as:

e in rows where diabetes_type equals Type I, diabetes should equal Yes.
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e in rows where diabetes_type equals Type II, diabetes should equal Yes.

Note: The order of variables in each row is important here, switching diabetes and diabetes_type in
the first row of example_incon_rules would be interpreted as where diabetes equals Yes, diabetes_type
should always equal Type I.

This format of a user-defined consistency table should be validated as shown below:

# validate the constistency rule table
validate_consistency_tbl(data = example_data, consis_tbl = example_incon_rules)
#> Constistency table 7s wvalid.

The tests are run against the data and all instances (rows). When no inconsistencies are found, a confirmatory
message is returned along with the data (invisibly). However, when inconsistencies are found, a warning is
thrown and a table detailing the inconsistencies is returned:

identify_inconsistency(data = example_data, consis_tbl = example_incon_rules)
#> Warning: One or more inconstistencies were identified. They are shown in the
#> returned tibble.

#> # A tibble: 4 = 8

#> var_a var_b lgl_test war_a_range var_b_range row values_a
#> <chr> <chr> <chr> <chr> <chr> <int> <chr>
#> 1 diabetes_type diabetes <NA> Type I Yes 3 Type I
#> 2 diabetes_type diabetes <NA> Type T Yes 190 Type I
#> 3 diabetes_type diabetes <NA> Type I Yes 873 Type I
#> 4 diabetes_type diabetes <NA> Type II Yes 715 Type II

#> values_b
#> <chr>
#> 1 No

#> 2 missing
#> 3 missing
#> 4 missing

The first five columns represent the rules set in consis_tbl. The additional columns describe:

6. The inconsistent row(s)

7. The value in the variable reported in column 1

8. The value in the variable reported in column 2 (inconsistent with the corresponding value in the variable
in column 1, given the rules in consis_tbl).

Constraining a single variable Not every rule involves two variables. A variable may also be checked
against fixed values, which is useful for range and plausibility checks. Such a rule leaves the second column
NA and gives the boundary in the fourth column. Two forms are available:

o Comparison against a value. The third column holds the logical test and the fourth the value to
compare against. For example "tumoursize", NA, ">=", "0", NA requires every tumour size to be
non-negative.

e Permitted values. The third column is NA and the fourth holds either a colon-separated numeric
range or a single permitted category. For example "tumoursize", NA, NA, "0:100", NA requires
every tumour size to lie between 0 and 100.

Applying a plausibility check to tumoursize reveals that example_data contains negative measurements:

plausibility_rules <- tibble::tribble(~varA, ~varB, ~1lgl_test, ~varA_boundaries, ~varB_boundaries,
"tumoursize", NA, ">=", "0", NA

)

identify_inconsistency(data = example_data, consis_tbl = plausibility_rules,
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id_var = "patient_id")
#> Warning: One or more inconstistencies were identified. They are shown in the
#> returned tibble.
#> # A tibble: 4 x 8

#> var_a var_b lgl_test war_a_range var_b_range patient_id values_a

#> <chr> <chr> <chr> <chr> <chr> <int> <chr>

#> 1 tumoursize <NA> >= 0 <NA> 349 -1.63710885161512
#> 2 tumoursize <NA> >= 0 <NA> 590 -1.11254749424243
#> 3 tumoursize <NA> >= 0 <NA> 687 -5.56651020629342
#> 4 tumoursize <NA> >= 0 <NA> 902 -1.20104880836014

#> values_b
#> <chr>
<NA>
<NA>
<NA>
<NA>

*
A\
N WR

Single-variable and two-variable rules can be combined in the same consis_tbl. Note that missing (NA)
values are never reported by a single-variable rule, as they cannot be assessed against a boundary; use
assess_completeness() to review missingness instead (see Measure completeness).

Merge variables

Merging variables can improve the uniqueness and completeness of the dataset, also reducing its dimensionality.
In example_data, diabetes and diabetes_type record observations of the same disease at different levels
and are merged below:

merge <- merge_cols(data = example_data,
primary_var = diabetes_type,
secondary_var = diabetes,
merge_var_name = "diabetes_merged")

By default, the input variables (e.g. diabetes and diabetes_type) are preserved. They can be removed
with the parameter rm_in_vars = TRUE.

compare_info_content and compare_info_content_plt can support merging strategies by identifying
when a pairwise merge operation results in loss of information:

merge_IC <- compare_info_content(inputl = merge$diabetes,

input2 = merge$diabetes_type,
composite = merge$diabetes_merged)

merge_IC

#> # A tibble: 5 = 3

#>  Information Vartable Measure

#>  <chr> <chr> <chr>

#> 1 1070.7465028214 merge$diabetes "Information Content"

#> 2 494.963567687505 merge$diabetes_type "Information Content”

#> 3 1548.12947181662 output "Information Content"

#> 4 1035.17075316701 merge$diabetes "Mutual Information Content with\noutput"

#> 5 494.9635676875 merge$diabetes_type "Mutual Information Content with\noutput”

compare_info_content_plt(compare_info_content_res = merge_IC)
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Figure 10: Comparison of information content between two input variables and each input variable’s mutual
information with the merged variable (output). This plot can inform variable merging strategies. Mutual
information of ‘merge$diabetes’ with ‘output‘ is lower than information content of ‘merge$diabetes’ which
informs the user that some information loss has occurred in this merging strategy.

In the above bar chart, the variable diabetes has higher information content than its mutual information
with the output variable; shown in the bars for merge$diabetes. Therefore information loss has occurred
in the merge operation, due to two features of the input variables (diabetes_type and diabetes). Firstly
missing values in diabetes are represented as “missing”. Secondly there is an internal inconsistency where
diabetes is recorded as “No” but diabetes_type is recorded as “Type 1”. This example reveals that
additional preprocessing is required before the variable merge can be successfully achieved.

Encoding missing values

Missing values can be recorded in several ways (e.g. “unknown”, “missing”). ‘R’ uses NA as a standard
representation of missing values which allows for the user and packages to process them appropriately
(e.g. mean(x, na.rm = T)).

‘eHDPrep’ can convert values representing missingness to NA with two functions:

e strings_to_NA() will encode a series of predefined strings which represent missingness or specific
strings specified in the argument strings_to_replace as NA.
” W W

— predefined strings: “Undetermined”, “unknown”, “missing”, “fail”, “fail / unknown”, “equivocal”,

ko

“equivocal / unknown”,

o nums_to_NA() will replace (only) numbers specified in nums_to_replace with NA in numeric variables.

# default values
example_data_NAsl <- strings_to_NA(data = example_data)

# predefined value "equivocal" %s rTemoved
unique (example_data_NAs1$t_stage)
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#> [1] IIT3a n IIT3b n IIT1 n IIT4 n IITZ n NA

# custom values (T1 does not represent missingness, just used as an example)
example_data_NAs2 <-strings_to_NA(data = example_data,
strings_to_replace = "T1")

# custom value "T1" 4s removed
unique (example_data_NAs2$t_stage)
#> [1] "T3a" "T3b" NA "T4" "T2" "equivocal"

# numeric value ©s removed in patient_<id
nums_to_NA(data = example_data, patient_id, nums_to_replace = c(1,3))
#> # A tibdble: 1,000 z 12

#> patient_id tumoursize t_stage n_stage diabetes diabetes_type hypertension

#> <int> <dbl> <chr> <chr> <chr> <chr> <chr>

#> 1 NA 62. T3a N2 Yes Type I Yes

#> 2 2 64. T3b N1 Yes Type IT Yes

#> 3 NA 48. T1 N2 No Type I Yes

#> 4 4 41. T3a NoO No <NA> Yes

#> 5 5 62. T4 N1 Yes Type I No

#> 6 6 14. T1 N2 No <NA> Yes

#> 7 7 63. T1 N2 No <NA> No

#> 8 8 44. T3b N1 No <NA> No

#> 9 9 44. T2 N1 No <NA> Yes

#> 10 10 32. T1 No No <NA> No

#> rural_urban marital_status SNP_a SNP_b free_text

#> <chr> <chr> <chr> <chr> <chr>

#> 1 rural married cc tt We nmeed grain to keep our mules healt~
#> 2 urban divorced cc ta The gold ring fits only a pierced ear.
#> 3 rural divorced cc t The vamp of the shoe had a gold buckl~
#> 4 rural single 3 tt Wipe the grease off his dirty face.

#> b urban single q9 t Look in the corner to find the tan sh~
#> 6 urban single g 0 Float the soap on top of the bath wat-~
#> 7 urban married c t Feel the heat of the weak dying flame.
#> 8 rural single q9 tt A stuffed chair slipped from the movi~
#> 9 rural single g The beam dropped down on the workmen'-~
#> 10 rural married g a Screen the porch with woven straw mat-~

#> # 1 990 more rows

Imputing missing values

Once missingness is consistently represented as NA, remaining missing values can be imputed (filled in with
estimated values) using impute_missing_values(). Imputation is useful for downstream analyses but it
should be applied thoughtfully as it introduces estimated, rather than observed values. The single-value
methods below assume values are missing completely at random; where this does not hold, imputation can
bias subsequent analyses, and the mechanism of missingness should be considered first (Little and Rubin
2019).

The method argument selects the imputation strategy:

method Behaviour

"auto" (default) numeric variables imputed with their median; non-numeric variables imputed with
their mode (most frequent value)

"median" numeric variables imputed with their median (non-numeric fall back to mode)
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method Behaviour

"mean" numeric variables imputed with their mean (non-numeric fall back to mode)
"mode" all selected variables imputed with their mode

"constant" missing values replaced with a fixed value supplied via constant

"knn" k-nearest-neighbours imputation (see below)

By default all variables are imputed; specific variables can be selected by passing them (unquoted) as
additional arguments. The number of values imputed per variable is reported as a message, so imputation
can be reviewed alongside other quality control steps with review_quality_ctrl().

# median (numeric) / mode (categorical) imputation of all wartables:
impute_missing_values(example_data)

#> “diabetes_type : 505 value(s) imputed (mode).

#> # A tibble: 1,000 z 12

#> patient_id tumoursize t_stage m_stage diabetes diabetes_type hypertension

#> <tnt> <dbl> <chr>  <chr> <chr> <chr> <chr>

#> 1 1 62. T3a N2 Yes Type I Yes

#> 2 2 64. T3b N1 Yes Type II Yes

#> 3 3 48. T1 Nz No Type I Yes

#> 4 4 41. T3a No No Type I Yes

#> 5 5 62. T4 N1 Yes Type I No

#> 6 6 14. T1 N2 No Type I Yes

#> 7 7 63. T1 N2 No Type I No

#> 8 8 44. T3b N1 No Type I No

#> 9 9 44. T2 N1 No Type I Yes

#> 10 10 32. T1 No No Type I No

#> rural_urban marital_status SNP_a SNP_b free_text

#> <chr> <chr> <chr> <chr> <chr>

#> 1 rural married CE] tt We need grain to keep our mules healt~
#> 2 urban divorced @e ta The gold ring fits only a pierced ear.
#> 3 rural divorced cc G The vamp of the shoe had a gold buckl~
#> 4 rural single c tt Wipe the grease off his dirty face.

#> 5 urban single q9 t Look in the corner to find the tan sh~
#> 6 urban single g t Float the soap on top of the bath wat~
#> 7 urban married @ t Feel the heat of the weak dying flame.
#> 8 rural single q9 B A stuffed chair slipped from the movi~
#> 9 rural single g 1 The beam dropped down on the workmen'~
#> 10 rural married g a Screen the porch with woven straw mat-~

#> # 1 990 more rows

# tmpute only diabetes_type, using the mode:
impute_missing_values(example_data, diabetes_type, method = "mode")
#> “diabetes_type : 505 value(s) imputed (mode).

#> # A tibdble: 1,000 z 12

#> patient_id tumoursize t_stage n_stage diabetes diabetes_type hypertension
#> <int> <dbl> <chr> <chr> <chr> <chr> <chr>

#> 1 1 62. T3a N2 Yes Type I Yes

#> 2 2 64. T3b N1 Yes Type IT Yes

#> 3 3 48. T1 N2 No Type I Yes

#> 4 4 41. T3a NoO No Type I Yes

#> 5 5 62. T4 N1 Yes Type I No

#> 6 6 14. T1 N2 No Type I Yes

#> 7 7 63. T1 N2 No Type I No
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#>
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#>
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#>
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#> 10
#> # 1 990 more rows

8
9
10

44-
44
P

T3b
T2
T1

N1 No Type I No
N1 No Type I Yes
No No Type I No

rural_urban marital_status SNP_a SNP_b free_text

<chr>
rural
urban
rural
rural
urban
urban
urban
rural
rural
rural

<chr>
married
divorced
divorced
single
single
single
married
single
single
married

<chr> <chr> <chr>

cc B We need grain to keep our mules healt~
cc ta The gold ring fits only a pierced ear.
cc t The vamp of the shoe had a gold buckl~
@ tt Wipe the grease off his dirty face.

g9 t Look in the corner to find the tan sh~
q t Float the soap on top of the bath wat~
c t Feel the heat of the weak dying flame.

q9 tt A stuffed chair slipped from the movi~
The beam dropped down on the workmen'-~
g a Screen the porch with woven straw mat-~

@
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The simple methods above impute each variable independently. impute_missing_values() also supports
k-nearest-neighbours (kNN) imputation (method = "knn"), which estimates each missing value from
the k most similar rows (samples), using the remaining variables as predictors. Similarity is measured with
Gower distance (Gower 1971), allowing mixed numeric and categorical data to be handled together. Because
it draws on the whole row’s profile rather than a single column-wide summary, KNN better preserves the
relationships between variables.

kNN imputation is provided by the ‘VIM’ package (Kowarik and Templ 2016), which is only required (a
suggested, not mandatory, dependency) when this method is used. Variables which should not be used to
compute similarity (such as a row identifier) can be excluded with the ignore argument:

# k-nearest-neighbours imputation, excluding the identifier from the
# distance calculation (requires the 'VIM' package):
impute_missing_values(example_data, method = "knn", ignore = patient_id, k = 5)

#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>

‘diabetes_type :

# A tidbdble: 1,000 = 12
patient_id tumoursize t_stage n_stage diabetes diabetes_type hypertension

~

SOOI O WD~

YO O™ WD~

<dbl> <chr>

T3a
T3b
T1
T3a
T4
T1
T1
T3b
T2
T1

505 value(s) imputed (knn, k = 5).

<chr> <chr> <chr> <chr>
N2 Yes Type I Yes
N1 Yes Type II Yes
N2 No Type I Yes
No No Type II Yes
N1 Yes Type I No
N2 No Type I Yes
N2 No Type I No
N1 No Type I No
N1 No Type II Yes
No No Type II No

rural_urban marital_status SNP_a SNP_b free_text

<int>
1 62.
2 64.
3 48.
4 41.
) 62.
6 14.
7 63.
8 44.
9 44.
10 32
<chr> <chr>
rural married
urban divorced
rural divorced
rural single
urban single
urban single
urban married
rural single

<chr> <chr> <chr>

cc tt We need grain to keep our mules healt~
@@ ta The gold ring fits only a pierced ear.
cc G The vamp of the shoe had a gold buckl~
c ti Wipe the grease off his dirty face.

q9 t Look in the corner to find the tan sh~
g t Float the soap on top of the bath wat~
@ t Feel the heat of the weak dying flame.

q9 ti A stuffed chair slipped from the movi~
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#> 9 rural single g t The beam dropped down on the workmen'~
#> 10 rural married g a Screen the porch with woven straw mat-~
#> # 1 990 more rows

Imputation can also be performed as part of the high-level apply_quality_ctrl() workflow by setting
impute = TRUE (and, optionally, impute_method). See Apply quality control.

Encoding categorical data

Categorical (nominal) data can present problems when analysed; either resulting in an error or improper
analysis; for example, treating the relationships between categories as if they were ordinal. To combat this,
encode_cats() utilises one hot encoding and creates a new variable for each unique value in the input
categorical variable. The values in each new variable describe the presence of the unique value where 1 means
present and 0 means not present. This is demonstrated below with marital_status.

encode_cats(data = example_data, marital_status) %>/

dplyr: :select(dplyr: :starts_with("marital_status"))
#> # A tibble: 1,000 = 4

#> marital_status_divorced marital_status_married marital_status_single
#> <dbl> <dbl> <dbl>
#> 1 0 1 0
#> 2 1 0 0
#> 3 1 0 0
#> 4 0 0 1
#> 5 0 0 1
#> 6 0 0 1
#> 7 0 1 0
#> 8 0 0 1
#> 9 0 0 1
#> 10 0 1 0
#> marttal_status_unknown
#> <dbl>
#> 1 0
#> 2 0
#> 3 0
# 4 0
#> 5 0
#> 6 0
#> 7 0
#> 8 0
#> 9 0
#> 10 0

#> # 1 990 more rows

Encoding ordinal data

The relationships in ordinal variables can be encoded numerically while preserving the labels in ‘R’ with
‘ordered factors’ using encode_ordinals (). The numeric relations can later be extracted if fully numeric
variables are required. The ord_levels parameter should describe the order of categories in ascending order:
example_data %>%

encode_ordinals(ord_levels = c("NO","N1","N2"), n_stage) %>%

dplyr::select(n_stage)
#> # A tibble: 1,000 z 1
#> n_stage
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#> <ord>

# 1 N2
#> 2 N1
# 3 N2
# 4 NO
# 5 N1
#> 6 N2
# 7 N2
#> 8 N1
#> 9 N1
#> 10 NO

#> # 1 990 more rows

# demonstrating how ordered factors can be converted to numeric vectors
example_data %>

encode_ordinals(ord_levels = c("NO","N1i","N2"), n_stage) %>%

dplyr: :select(n_stage) %>/

dplyr: :mutate(dplyr: :across(n_stage, as.numeric))
#> # A tibble: 1,000 z 1

#> n_stage
#> <dbl>
#> 1 3
#> 2 2
#> 3 3
# 4 1
#> 5 2
#> 6 3
#> 7 3
#> 8 2
#> 9 2
#> 10 1

#> # 1 990 more rows

Encoding genotype (SNP) data

In encode_genotypes(), variables which record single nucleotide polymorphism (SNP) information are
standardised to a “A/B” syntax. Homozygous SNPs (e.g. recorded as “A”) are encoded in two character
form (e.g. “A/A”) while heterozygous SNPs are ordered alphabetically (e.g. “GA” becomes “A/G”). Alleles
are encoded as ordinal factors, ordered by observed allele frequency (in the supplied cohort). The most
frequent allele is assigned level 1, the second most frequent value is assigned level 2, and the least frequent
values is assigned level 3). This method embeds the numeric relationship between the allele frequencies while
preserving value labels.

encode_genotypes(data = example_data, SNP_a, SNP_b) %>%
dplyr: :select(dplyr: :starts_with("SNP"))

#> # A tibble: 1,000 z 2

#> SNP_a SNP_b

#> <ord> <ord>
#> 1 c/C T/T
#> 2 Cc/C A/T
#> 3 Cc/C T/T
#> 4 C/C T/T
#> 5 G/G T/T
#> 6 G/G T/T
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#> 7 C/C T/T
# 8 G/G T/T
# 9 G/G T/T
#> 10 G/G  A/A
#> # 1 990 more rows

Extract information from free text variables

Medical notes and other free text variables can contain additional information but require Natural Language
Processing (NLP). Information on the presence of words, phrases, or groups of proximal words can be
extracted with the functionality below; utilising the ‘quanteda’ package (Benoit et al. 2018). A knowledge of
NLP terminology can be beneficial however the crucial term for this functionality is ‘skipgram’ which, in
this context, is a series of words in a string which can have interrupting words (‘skips’) between them (see
examples in ?quanteda: :tokens_skipgrams). The high-level function extract_freetext() can be applied
to extract skipgrams in free text variables by their frequency.

There are three underlying stages of extracting skipgrams:

1. Identify skipgrams in a character variable (skipgram_identify()). The variable is also preprocessed
here where:

o Punctuation, numbers, symbols, stop-words (see 7tm: : stopwords) are removed.
o Text is standardised to lower case
o Words are stemmed (see ?quanteda: : tokens_wordstem).

2. Measure skipgram frequency across the variable (skipgram_freq())

3. Append specified skipgrams to dataset as logical variables (skipgram_append())

In medical notes, a clear signal may appear where certain skipgrams provide information suitable for analysis.
The variable free_text in example_data comprises sample sentences from stringr::sentences. While
these are not medical notes they are established examples of short pieces of text. As free_text does not
contain true signals, we set generous parameters below: The number of interrupting words is set to five in
the example below (max_interrupt_words = 5) however values of one or two are more likely to be useful
in real-world applications. Additionally, the minimum frequency of skipgrams across the cohort to consider
(min_freq = 0.5) is used below although 5 or 10 may be more suitable with real data. Ultimately, user
evaluation and tuning is required.

# Identify skipgrams in ezample_data$free_text

skipgrams <- skipgram_identify(x = example_data$free_text,
ids = example_data$patient_id,
num_of_words = 2,
max_interrupt_words = 5)

skipgrams

#> # A tidbble: 1,000 = 1,335

#> doc_tid need_grain mule_healtht gold_ring gold_fit ring_fit pierc_ear
#> <chr> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl>
#> 1 1 1 1 0 0 0 0
#> 2 2 0 0 1 1 1 1
#> 3 3 0 0 0 0 0 0
#> 4 4 0 0 0 0 0 0
#> 55 0 0 0 0 0 0
#> 6 6 0 0 0 0 0 0
#> 77 0 0 0 0 0 0
#> 8 8 0 0 0 0 0 0
#> 9 9 0 0 0 0 0 0
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#> 10 10 0 0 0 0 0 0
#> gold_buckl dirti_face tan_shirt bath_water weak_die weak_flame die_flame

#> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl>
#> 1 0 0 0 0 0 0 0
#> 2 0 0 0 0 0 0 0
#> 3 1 0 0 0 0 0 0
#> 4 0 1 0 0 0 0 0
#> 5 0 0 1 0 0 0 0
#> 6 0 0 0 1 0 0 0
#> 7 0 0 0 0 1 1 1
#> 8 0 0 0 0 0 0 0
#> 9 0 0 0 0 0 0 0
#> 10 0 0 0 0 0 0 0

#> # 1 990 more rows
#> # 1 1,321 more wvariables: stuf chair <dbl>, stuf slip <dbl>, chair_slip <dbl>,
#> # move_van <dbl>, beam_drop <dbl>, workmen_head <dbl>, woven_straw <dbl>,

#> # woven_mat <dbl>, straw_mat <dbl>, worn_floor <dbl>, fish_twist <dbl>,

#> #  bent_hook <dbl>, quick_snip <dbl>, abrupt_start <dbl>, clan_gather <dbl>,
#> # dull_mnight <dbl>, trust_fund <dbl>, bank_earli <dbl>, dens_crowd <dbl>,
#> # two_distinct <dbl>, two_way <dbl>, distinci_way <dbl>, empti_flask <dbl>,

# Summarise frequency of skipgrams to constider which should be added to the
# data.

skipgram_freq(skipgram_tokens = skipgrams, min_freq = 0.5)

#> # A tibdble: 41 x 3

#> skipgram count percentage
#> <chr> <dbl> <dbl>
#> 1 board_will 6 0.6
#> 2 leas_ran 6 0.6
#> 3 sizteen_week 6 0.6
#> 4 white_back 6 0.6
#> 5 alway_show 5 0.5
#> 6 bad_strain 5 0.5
#> 7 catch_pink 5 0.5
#> 8 catch_salmon 5) 0.5
#> 9 cone_cent 5 0.5
#> 10 comne_cost 5] 0.5

#> # 1 31 more rows

# Append chosen skipgrams to example_data
## a) by minimum frequency
skipgram_append (skipgram_tokens = skipgrams,
id_var = patient_id,
min_freq = 0.6,
data = example_data)
#> “skipgrams2append’ not provided. Searching for skipgrams with a ‘min_freq’ of 0.6
#> 4 skipgrams have been appended the data.
#> # A tibble: 1,000 z 16

#> patient_id tumoursize t_stage m_stage diabetes diabetes_type hypertension
#> <dbl> <dbl> <chr> <chr> <chr> <chr> <chr>

#> 1 1 62. T3a N2 Yes Type I Yes

#> 2 2 64. T3b N1 Yes Type II Yes

#> 3 3 48. T1 N2 No Type I Yes

29



#> 4 4 41. T3a NO No <NA> Yes
#> 5 5 62. T4 N1 Yes Type I No
#> 6 6 14. T1 N2 No <NA> Yes
#> 7 7 63. T1 N2 No <NA> No
#> 8 8 44. T3b N1 No <NA> No
# 9 9 44. T2 N1 No <NA> Yes
#> 10 10 32. T1 NO No <NA> No
#> rural_urban marital_status SNP_a SNP_b free_text board_will leas_ran
#> <chr> <chr> <chr> <chr> <chr> <dbl> <dbl>
#> 1 rural married cc tt We need grain to ~ 0 0
#> 2 urban divorced @e ta The gold ring fit~ 0 0
#> 3 rural divorced cc t The vamp of the s~ 0 0
#> 4 rural single c ti Wipe the grease o~ 0 0
#> 5 urban single q9 t Look in the corne~ 0 0
#> 6 urban single g t Float the soap on~ 0 0
#> 7 urban married @ t Feel the heat of ~ 0 0
#> 8 rural single q9 1515 A stuffed chair s~ 0 0
#> 9 rural single g t The beam dropped ~ 0 0
#> 10 rural married g Screen the porch ~ 0 0
#> # 1 990 more Tows
#> # 1 2 more wvariables: sizteen_week <dbl>, white_back <dbl>
## b) by specific skipgram(s)
skipgram_append (skipgram_tokens = skipgrams,

id_var = patient_id,

skipgrams2append = c("sixteen_week", "bad_strain"),

data = example_data)
#> 2 skipgrams have been appended the data.
#> # A tibdble: 1,000 x 14
#> patient_id tumoursize t_stage n_stage diabetes diabetes_type hypertension
#> <dbl> <dbl> <chr> <chr> <chr> <chr> <chr>
#> 1 1 62. T3a Nz Yes Type I Yes
#> 2 2 64. T3b N1 Yes Type IT Yes
#> 3 3 48. T1 N2 No Type I Yes
#> 4 4 41. T3a NO No <NA> Yes
#> 5 5 62. T4 N1 Yes Type I No
#> 6 6 14. T1 N2 No <NA> Yes
#> 7 7 63. T1 N2 No <NA> No
#> 8 8 44.. T3b N1 No <NA> No
# 9 9 44. T2 N1 No <NA> Yes
#> 10 10 32. T1 NO No <NA> No
#> rural_urban marital_status SNP_a SNP_b free_text sizteen_week bad_strain
#> <chr> <chr> <chr> <chr> <chr> <dbl> <dbl>
#> 1 rural married cc ti We need grain~ 0 0
#> 2 urban divorced cc ta The gold ring~ 0 0
#> 3 rural divorced cc t The wvamp of t~ 0 0
#> 4 rural single c tt Wipe the grea~ 0 0
#> 5 urban single g99 t Look in the c~ 0 0
#> 6 urban single g G Float the soa~ 0 0
#> 7 urban married c t Feel the heat~ 0 0
#> 8 rural single qg tt A stuffed cha~ 0 0
#> 9 rural single g t The beam drop~ 0 0
#> 10 rural married g a Screen the po~ 0 0
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#> # 1 990 more rows

The high-level function extract_freetext() is a wrapper for the low-level functions in the
above example. However use of extract_freetext() is limited to appending skipgrams by
minimum frequency and selection of skipgrams by name to append is not possible

because they are not defined at the point the extract_freetext () function is called.:

extract_freetext(data = example_data,
id_var = patient_id,
min_freq = 0.6, free_text)
#> “skipgrams2append’ not provided. Searching for skipgrams with a “min_freq of 0.6}
#> 4 skipgrams have been appended the data.
#> # A tebble: 1,000 = 15

#> patient_id tumoursize t_stage n_stage diabetes diabetes_type hypertension
#> <dbl> <dbl> <chr>  <chr> <chr> <chr> <chr>

#> 1 1 62. T3a N2 Yes Type I Yes

#> 2 2 64. T3b N1 Yes Type II Yes

#> 3 3 48. T1 N2 No Type I Yes

#> 4 4 41. T3a NO No <NA> Yes

#> 5 5 62. T4 N1 Yes Type I No

#> 6 6 14. T1 N2 No <NA> Yes

#> 7 7 63. T1 Ne No <NA> No

#> 8 8 44.. T3b N1 No <NA> No

#> 9 9 44. T2 N1 No <NA> Yes

#> 10 10 32. T1 NO No <NA> No

#> rural_urban martital_status SNP_a SNP_b board will leas_ran sixteen_week
#> <chr> <chr> <chr> <chr> <dbl> <dbl> <dbl>
#> 1 rural married cc B 0 0 0
#> 2 urban divorced cc ta 0 0 0
#> 3 rural divorced cc t 0 0 0
#> 4 rural single c tt 0 0 0
#> 5 urban single g9 0 0 0
#> 6 urban single q © 0 0 0
#> 7 urban married c 0 0 0
#> 8 rural single q9 tt 0 0 0
#> 9 rural single g t 0 0 0
#> 10 rural married g a 0 0 0

#> # 1 990 more rows
#> # 4 1 more wvartable: white_back <dbl>

Review quality control

Quality control modifications may have unintended effects on the data which could remain undetected until
later stages of analysis. count_compare() can avoid this situation by reporting changes at each step and
reporting a tally of values in relevant variables. The code below uses the earlier variable merging operation
(Merge Variables) as an example:

# merge data

example_data_merged <- merge_cols(data = example_data,
primary_var = diabetes_type,
secondary_var = diabetes,
merge_var_name = "diabetes_merged",
rm_in_vars = T)

# review this step's effects on the involved variables:
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count_compare(before_tbl = example_data,
after_tbl = example_data_merged,
cols2compare = c("diabetes", "diabetes_type", "diabetes_merged"),
kableout = F)

#> $before_tbl

#> # A tibble: 7z 3

#>  diabetes diabetes_type n
#> <chr> <chr> <int>
#> 1 No <NA> 498
#> 2 Yes Type I 247
#> 3 Yes Type II 244
#> 4 missing <NA> 7
#> 5 missing Type I 2
#> 6 No Type T 1
#> 7 missing Type II 1

#>
#> $after tbl
#> # A tibble: 4 x 2

#>  diabetes_merged n
#> <chr> <tnt>
#> 1 No 498
#> 2 Type I 250
#> 3 Type II 245
#> 4 missing 7

Documentation of quality control modifications is important for writing methodology and summarising
changes. The remaining quality control review functions are intended for review once all quality control has
been implemented, as in Review quality control, but can be used at any point; as below with report_var_-
mods () and mod_plot() comparing the merging operation example and a strings_to_NA() example with
the original data:

#variable level modifications
report_var_mods(before_tbl = example_data,

after_tbl = example_data_merged)
#> # A tebble: 13 z 2

#> vartable presence
#> <chr> <chr>

#> 1 patient_id Preserved
#> 2 tumoursize Preserved
#> 3 t_stage Preserved
#> 4 n_stage Preserved
#> b5 diabetes Removed
#> 6 diabetes_type  Removed
#> 7 hypertension Preserved
#> 8 rural_urban Preserved
#> 9 marital_status Preserved
#> 10 SNP_a Preserved
#> 11 SNP_b Preserved
#> 12 free_text Preserved
#> 13 diabetes_merged Added

# value level modifications showing which exact missingness wvalues
# were removed
mod_track(before_tbl = example_data,
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#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>

after_tbl = strings_to_NA(example_data),

id_var = patient_id)
‘vars2compare’ not supplied. Attempting

patient_id new _wvar old_var old_value

# A tibble: 78 = 6
<chr> <chr>
1 31 t_stage
2 34 t_stage
3 44 t_stage
4 48 t_stage
5 261 t_stage
6 263 t_stage
7 348 t_stage
8 454 t_stage
9 468 t_stage
10 569 t_stage
# 1 68 more rows

<chr>

t_stage
t_stage
t_stage
t_stage
t_stage
t_stage
t_stage
t_stage
t_stage
t_stage

# plot wvalue level modifications
mod_track(before_tbl = example_data,

#> “wvars2compare” not supplied. Attempting to compare all wvariables...

Proportion of Values Modified

after_tbl = strings_to_NA(example_data),

<chr>

equivocal
equivocal
equivocal
equivocal
equivocal
equivocal
equivocal
equivocal
equivocal
equivocal

id_var = patient_id, plot = T)

0.20%

0.15%

0.10%

0.05%

0.00%

to compare all variables...

new_value mod_type

<chr>
<NA>
<NA>
<NA>
<NA>
<NA>
<NA>
<NA>
<NA>
<NA>
<NA>

patient_id

<chr>

Remowval
Remowval
Remowval
Remowval
Remowval
Remowval
Remowval
Remowval
Remowval
Remowval

Modification
Type
Addition

Substitution

. Removal
B na

Figure 11: Proportion of values modified per patient in ‘example_data‘ following conversion of specific
values to ‘NA*

mod_track() with plot = TRUE can visualise the extent and any disparity of value modification within the
dataset.

Encoding data as numeric matrix

As a late or final quality control step, the dataset may be converted to a numeric matrix for future analysis.
This will require many of the earlier steps, such as encoding categorical variables (see Encoding categorical
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data), to be completed. encode_as_num_mat () will convert all columns to numeric and use the row identifier
column (id_var) as row names:

# example of data which has been quality controlled.
example_data %>%
merge_cols(primary_var = diabetes_type,
secondary_var = diabetes,
merge_var_name = '"diabetes_merged",
rm_in_vars = TRUE) %>%

apply_quality_ctrl(id_var = patient_id,
class_tbl = data_types_diabetes_m,
bin_cats =c("No" = "Yes", "rural" = "urban"),
min_freq = 0.6) ->

post_qc_data
#> New names:
#> * “diabetes_merged_Type I -> ‘diabetes_merged_Type.Il’
#> * “diabetes_merged_Type II° -> “diabetes_merged_Type.Il"

post_qc_data %>%
encode_as_num_mat(id_var = patient_id) %>%
tibble: :glimpse()

#> Rows: 1,000

#> Columns: 19

#> $ tumoursize <dbl> 61.71058, 64.18932, 47.81393, 40.93006, 62.11775, 1~
#> $§ t_stage <dbl> 3, 4, 1, 3, 5, 1, 1, 4, 2, 1, 5, 4, 3, 2, 5, 3, 3,
#> § n_stage <dbl> 3, 2, 3, 1, 2, 3, 3, 2, 2, 1, 3, 1, 3, 1, 2, 2, 1,
#> $§ hypertension <dbl> 2, 2, 2, 2, 1, 2, 1, 1, 2, 1, 2, 1, 1, 1, 1, 2, 1,
#> $ rural_urban <dbl> 1, 2, 1, 1, 2, 2, 2, 1, 1, 1, 2, 2, 2, 2, 2, 1, 1,
#> $ SNP_a <dbl> 1, 1, 1, 1, 2, 2, 1, 2, 2, 2, 2, 1, 2, 1, 2, 2, 2,
#> $ SNP_b <dbl> 2, 3, 2, 2, 2, 2, 2, 2, 2, 1, 1, 3, 1, 3, 2, 1, 2,
#> ¢ board_will <dblt> o0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, O,
#> $ leas_ran <dblt> o, 0, 0, 0, 0, 0o, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, O,
#> $ sizteen_week <dbl> o, o, o, o, o, 0o, o, 0, 0, 0, 0, 0, 0, 0, O, 0, O,
#> $ white_back <dblt> o0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, O,
#> $ diabetes_merged_No <dbt> o, 0, 0, 1, o, 1, 1, 1, 1, 1, 0, 1, 0, 0, 1, O, 1,
#> $§ diabetes_merged_Type.I <dbl> 1, 0, 1, 0, 1, 0, 0, 0, 0, 0, 1, 0, 1, 0, O, 1, O,
#> $§ diabetes_merged_Type.II <dbl> 0, 1, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, O, 1, 0, O, O,
#> § diabetes_merged_NA <dbl> o, o, o, o, o, 0o, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, O,
#> $ marital_status_divorced <dbl> 0, 1, 1, 0, 0, 0, 0, 0, O, O, 0, 0, 0, O, O, 1, O,
#> $ marital_status_married <dbl> 1, 0, 0, 0, 0, 0, 1, 0, O, 1, 1, 1, 1, 0, 1, O, 1,
#> $ marital_status_single <dbt> o, 0, 0, 1, 1, 1, 0o, 1, 1, 0, 0, 0, 0, 1, 0, 0O, O,
#> $ marital_status_NA <dbt> o0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, O,

Note that the text labels in ordinal variables will be removed in the above conversion to a numeric matrix.
The mapping between the text labels and the numerical levels can be extracted to another data frame for
future reference using ordinal_label_levels(), as below:

post_qc_data %>
ordinal_label_levels()

#> # A tibble: 15 ¢ 3

#> vartable label level
#> <chr> <chr> <dbl>
#> 1 SNP_a c/c 1
#> 2 SNP_a G/G 2
#> 3 SNP_a c/G 3
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#> 4 SNP_b A/A 1
# 5 SNP_b T/T 2
#> 6 SNP_b A/T 3
#> 7 n_stage NO 1
#> 8 n_stage NI 2
#> 9 n_stage N2 3
#> 10 t_stage T1 1
#> 11 t_stage T2 2
#> 12 t_stage T3a 3
#> 13 t_stage T3b 4
#> 14 t_stage T4 5
#> 15 t_stage <NA> NA

Semantic enrichment

Data frames are semantically disorganised because no information on the semantic relationships between
variables is present. Biomedical ontologies contain extensive semantic information between concepts across
medical domains. The semantic commonalities of a dataset’s variables can be incorporated with semantic
enrichment (SE). The added information may improve performance of later analysis. An overview of the
workflow for SE is shown below where the “Normalise Values” box is dashed as it is an optional step:

Caleulule Node
Import Ontology - [nformation
Content

X‘ Map Identily
Variables

Metavariables

- o M & Sets of
Umi?lf’g_\' Descendant
Entities / Variables

Import Datasel

Tmport Mapping

Filc 4
Lahel Sets by
Mast Informative Agoregate Omit AAppel,ld d
Melavariable :‘:_‘__::__.‘.__.‘_;I_'_'—» Variahles in FEFD entropy - \%gr_vei«llre
‘i Normalise :——“" Tach Sct aggregations _ir],a, .es.
b Vales | 1o Datasct

Figure 12: Workflow of low-level semantic enrichment functions in eHDPrep. The dashed lines and box
represent an optional step.

Required inputs
SE requires three input objects:
1. A numeric dataset (data frame or matrix).
e All variables must be numeric because SE attempts to aggregate values.

2. An ontology as a graph (‘igraph’ or ‘tidygraph’), a data frame containing an edge table, or a path to an
edge table in a csv file.

e example_ontology is a synthetic ontology we have created to demonstrate the semantic common-
alities in example_data.

e At present, users must supply an ontology themselves. There are several potential ontologies for
health data including SNOMED CT, the Gene Ontology, the Disease Ontology, and the Human
Phenotype Ontology (Millar 2016; Gene Ontology Consortium 2019; Schriml et al. 2019; Kohler et
al. 2021).

3. A mapping file (csv path or data frame) which links variables in the data with entities in the ontology.
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e example_mapping_file is used to demonstrate SE here.

o The variable name must not be identical to the ontological entity to which it is mapped (e.g. variable
hypertension cannot be mapped to a ontological entity hypertension). This is not typically a
problem as most ontologies use a numeric naming system unlikely to be used for variable names.

Example data
Examples of the three required inputs, described above, are provided with this package.

1. Because SE requires a numeric dataset, quality control is applied to example_data:

example_data %>
# first merge diabetes wvariables
merge_cols(primary_var = diabetes_type,
secondary_var = diabetes,
merge_var_name = '"diabetes_merged",
rm_in_vars = TRUE) %>%
# pass data with diabetes_merged to high-level (C function
apply_quality_ctrl(id_var = patient_id,
class_tbl = data_types_diabetes_m,
bin_cats =c("No" = "Yes", "rural" = "urban"),
to_numeric_matrix = TRUE) ->
post_qgc_data
#> New mames:
#> * “diabetes_merged_Type I~ -> “diabetes_merged_Type.I’
#> * “diabetes_merged_Type II° -> “diabetes_merged_Type.Il"

2. The example ontology containing the semantic information of variables in example_data is stored in
example_ontology as a tidygraph tbl_graph object:

data(example_ontology)
example_ontology
#> # A tbl_graph: 24 nodes and 24 edges

#> #

#> # A directed acyclic simple graph with 1 component
#> #

#> # Node Data: 24 = 1 (active)

#> name

#> <chr>

#> 1 Nstage

#> 2 Tstage

#> 3 Tumoursize

#> 4 property_of_tumour
#> 5 TNM

#> 6 property_of_cancer
#> 7 disease

#> 8 high_blood_pressure
#> 9 heart_disease

#> 10 diabetes_Type_ I

#> # 1 14 more Tows

#> #

#> # Edge Data: 24 x 2
#> from to

#>  <int> <int>

#> 1 1 5

#> 2 2 5
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#> 3 3 4
#> # 1 21 more rows

example_ontology is visualised in the network graph below:

require(ggplot2)
#> Loading required package: ggplot2
ggraph: :ggraph(example_ontology, layout = "sugiyama') +

3.

ggraph: :geom_edge_diagonal (arrow = arrow(length = unit(3, 'mm')),
colour = "slategray3") +
ggraph: :geom_node_label(aes(label = name),

size = 2.5, repel = FALSE, hjust="inward") +

theme_void() +
theme (legend.position = "none") +
coord_£f1lip()

metabolic<pathway pathway—1

marital_status
lifestyle—information

(metabolic_disorder] [ diabetes_mellitus]

disease heart-disease

property_of-tumour
property—of-cancer

TNM

Figure 13: Visualisation of ‘example_ontology‘ using the ggraph package.

The example mapping file, as a data frame, is as follows:

data(example_mapping_file)
example_mapping_file
#> # A tibble: 12 x 2

#>
#>
#>

vartable onto_entity
<chr> <chr>
1 tumoursize Tumoursize
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#> 2 t_stage Tstage

#> 3 n_stage Nstage

#> 4 hypertension high_blood_pressure

#> 5 rural_urban restdential_environment
#> 6 SNP_a gene_A

#> 7 SNP_b gene_B

#> 8 diabetes_merged_Type.I diabetes_Type_ I

#> 9 diabetes_merged_Type.Il diabetes_Type_II

#> 10 marital_status_divorced divorced
#> 11 marital_status_married married
#> 12 martital_status_single  single

High level functionality

With the three inputs (data, ontology, and mapping_file) supplied, the semantic enrichment of post_-
gqc_data can completed with semantic_enrichment():

qc_se_data <- semantic_enrichment(data = post_qc_data,
ontology = example_ontology,
mapping_file = example_mapping_file,
mode = "in",
root = "root")

#> Aggregating vartiables with semantic commonalities to metavariables

#> and appending to ‘data ...

#> Metavariables will be labelled by the most informative common ancestor.

#> Identifying semantic commonalities. ..

#> Complete. Duration: 0.13 secs.

#> 9 semantic commonalities found (via common ontological ancestors).

#> Complete. Duration: 6.75 secs.

#> The dataset has been enriched with 35 metavariables

#> (10 metavariables had zero entropy and were therefore not appended).

Below is an overview of the enriched dataset with semantic aggregations:

tibble::glimpse(qc_se_data)
#> Rows: 1,000
#> Columns: 50

#> $ tumoursize <dbl> 61.71058, 64.18932, 47.81393, 40.93006, 62.117~
#> § t_stage <dbl> 3, 4, 1, 3, 5, 1, 1, 4, 2, 1, 5, 4, 3, 2, 5, 3~
#> $ n_stage <dbl> 3, 2, 3, 1, 2, 3, 3, 2, 2, 1, 3, 1, 3, 1, 2, 2~
#> $ hypertension <dbl> 2, 2, 2, 2, 1, 2, 1, 1, 2, 1, 2, 1, 1, 1, 1, 2~
#> $ rural_urban <dbl> 1, 2, 1, 1, 2, 2, 2, 1, 1, 1, 2, 2, 2, 2, 2, 1~
#> ¢§ SNP_a <dbl> 1, 1, 1, 1, 2, 2, 1, 2, 2, 2, 2, 1, 2, 1, 2, 2~
#> $ SNP_b <dbl> 2, 3, 2, 2, 2, 2, 2, 2, 2, 1, 1, 3, 1, 3, 2, 1~
#> § diabetes_merged_No <dblt> o, o, o, 1, 0, 1, 1, 1, 1, 1, 0, 1, 0, 0, 1, O~
#> $ diabetes_merged_Type.I <dblt> 1, 0, 1, 0, 1, 0o, 0o, 0, 0, 0, 1, O, 1, 0, 0, 1~
#> $§ diabetes_merged_Type.IT <dbt> o, 1, 0, 0, 0o, 0o, o, 0o, 0, 0, 0, 0, 0O, 1, 0, O~
#> $§ diabetes_merged_NA <dbt> o, o0, 0, 0o, 0o, 0o, o, 0, 0, 0, 0, 0, 0O, 0, 0, O~
#> $ marital_status_divorced <dvlt> o0, 1, 1, 0, 0, 0, 0, 0, 0, 0, O, 0, 0, O, O, 1~
#> $ marital_status_married <dbl> 1, 0, 0, 0, 0, 0, 1, 0, O, 1, 1, 1, 1, 0, 1, O~
#> $ marital_status_single <dblt> o, o, o, 1, 1, 1, 0, 1, 1, 0, 0, O, 0, 1, 0, O~
#> $ marital_status_NA <dblt> o0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0O, O~

#> $ MV_property_of_tumour_SUM <dbl> 1.0506338, 1.3209213, 0.4368958, 0.8805543, 1.~
#> $ MV_property_of_tumour_AVG <dbl> 0.7004225, 0.8806142, 0.2912639, 0.5870362, 1.~
#> $§ MV_property_of_tumour_MAX <dbl> 1.0506338, 1.3209213, 0.4368958, 0.8805543, 1.~
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#> $ MV_property_of_tumour_MIN <dbl> 0.5000000, 0.5709213, 0.0000000, 0.3805543, 0.~
#> $ MV_property_of_tumour_MUL <dbl> 0.106430411, 0.375623897, 0.000000000, 0.03295~
#> $ MV_TNM_SUM <dbl> 1.50, 1.25, 1.00, 0.50, 1.50, 1.00, 1.00, 1.25~
#> § MV_TNM_AVG <dbl> 1.0000000, 0.8333333, 0.6666667, 0.3333333, 1.~
#> $ MV_TNM_MAX <dbl> 1.50, 1.25, 1.00, 0.50, 1.50, 1.00, 1.00, 1.25~
#> $ MV_TNM_MIN <dbl> 0.50, 0.50, 0.00, 0.00, 0.50, 0.00, 0.00, 0.50~
#> $ MV_TNM_MUL <dbl> 0.562500000, 0.244140625, 0.000000000, 0.00000~
#> $ MV_property_of_cancer_SUM <dbl> 2.0506338, 1.8209213, 1.4368958, 0.8805543, 2.~
#> $ MV_property_of_cancer_AVG <dbl> 1.0253169, 0.9104606, 0.7184479, 0.4402771, 1.~
#> $§ MV_property_of_cancer_MAX <dbl> 2.0506338, 1.8209213, 1.4368958, 0.8805543, 2.~
#> § MV_property_of_cancer_MIN <dbl> 0.5000000, 0.5000000, 0.0000000, 0.0000000, O.~
#> $ MV_property_of_cancer_MUL <dbl> 0.593522555, 0.323162519, 0.000000000, 0.00000~
#> $ MV_disease_SUM <dbl> 4.0506338, 3.8209213, 3.4368958, 1.8805543, 3.~
#> $§ MV_disease AVG <dbl> 1.15732395, 1.09169179, 0.98197023, 0.53730122~
#> $ MV_disease_ MAX <dbl> 4.0506338, 3.8209213, 3.4368958, 1.8805543, 3.~
#> $ MV_diabetes_mellitus_SUM <dbl> 1, 1, 1, 0, 1, 0, 0, 0, 0, 0, 1, 0, 1, 1, 0, 1~
#> $ MV_diabetes_mellitus_AVG <dbl> 0.6666667, 0.6666667, 0.6666667, 0.0000000, 0.~
#> $ MV_diabetes_mellitus_MAX <dbl> 1, 1, 1, 0, 1, 0, 0, 0, 0, 0, 1, O, 1, 1, O, 1~
#> $ MV_marital_status_SUM <dbl> 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1~
#> $ MV_marital_status_AVG <dbl> 0.5, 0.5, 0.5, 0.5, 0.5, 0.5, 0.5, 0.5, 0.5, O~
#> $ MV_marital_status_MAX <dbl> 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1~
#> $ MV_lifestyle_information_SUM <dbl> 1, 2, 1, 1, 2, 2, 2, 1, 1, 1, 2, 2, 2, 2, 2, 1~
#> $ MV_lifestyle_information_AVG <dbl> 0.4, 0.8, 0.4, 0.4, 0.8, 0.8, 0.8, 0.4, 0.4, O~
#> $ MV_lifestyle_informatton_MAX <dbl> 1, 2, 1, 1, 2, 2, 2, 1, 1, 1, 2, 2, 2, 2, 2, 1~
#> $ MV_pathway_1_SUM <dbl> 0.5, 1.0, 0.5, 0.5, 1.0, 1.0, 0.5, 1.0, 1.0, O~
#> $ MV_pathway_1_AVG <dbl> 0.3333333, 0.6666667, 0.3333333, 0.3333333, 0.~
#> $ MV_pathway_1_MAX <dbl> 0.5, 1.0, 0.5, 0.5, 1.0, 1.0, 0.5, 1.0, 1.0, O~
#> $ MV_pathway_ 1_MIN <dbl> 0.0, 0.0, 0.0, 0.0, 0.5, 0.5, 0.0, 0.5, 0.5, O~
#> $ MV_pathway_1_MUL <dbl> 0.00000000, 0.00000000, 0.00000000, 0.00000000~
#> $ MV_root_SUM <dbl> 5.550634, 6.820921, 4.936896, 3.380554, 6.0539~
#> $ MV_root_AVG <dbl> 0.8539437, 1.0493725, 0.7595224, 0.5200853, 0.~
#> $ MV_root_MAX <dbl> 5.550634, 6.820921, 4.936896, 3.380554, 6.0539~

Below is an example of how the variables tumoursize, t_stage, and n_stage, which all relate to cancer,
have this relationship recognised through their semantic commonality of property_of_cancer in example_-
ontology:

qc_se_data %>%
dplyr: :select(tumoursize, t_stage, n_stage,
dplyr: :starts_with("MV_property_of_cancer")) %>%
tibble: :glimpse ()
#> Rows: 1,000
#> Columns: 8

#> ¢ tumoursize <dbl> 61.71058, 64.18932, 47.81393, 40.93006, 62.11775,~
#> ¢ t_stage <dbl> 3, 4, 1, 3, 5, 1, 1, 4, 2, 1, 5, 4, 3, 2, 5, 3, 3~
#> $ n_stage <dbl> 3, 2, 3,1, 2, 3, 3,2, 2,1, 3,1, 3, 1, 2, 2, 1~

#> $ MV_property_of_cancer_ SUM <dbl> 2.0506338, 1.8209213, 1.4368958, 0.8805543, 2.053~
#> $ MV_property_of_ cancer_ AVG <dbl> 1.0253169, 0.9104606, 0.7184479, 0.4402771, 1.026~
#> $ MV_property_of cancer MAX <dbl> 2.0506338, 1.8209213, 1.4368958, 0.8805543, 2.053~
#> $ MV_property_of cancer MIN <dbl> 0.5000000, 0.5000000, 0.0000000, 0.0000000, 0.500~
#> $ MV_property_of cancer MUL <dbl> 0.593522555, 0.323162519, 0.000000000, 0.00000000~

Note:

o The normalisation of values prevents tumoursize’s large magnitude (relative to the other variables)
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having a disproportional effect on the aggregations.
e The prefix “MV__" stands for “meta-variable”.

In summary, the SE process added 35 aggregation variables to the dataset from 9 meta-variables.

Low level functionality

There are some exported lower level functions which users may find useful to see the intermediate steps of SE.
The should be carried out in the order shown below:

Convert edge table to ontology

Semantic enrichment in eHDPrep requires an ontology, represented as a igraph/tidygraph object. As ontologies
can also be represented as edge tables, eHDPrep provides a function, edge_tbl_to_graph, to convert an
edge table to a graph object. Edge tables are typically stored on disk and should first be read into R as a
data frame and then supplied to edge_tbl_to_graph:

example_edge_tbl

#> # A tebble: 26 ¢ 2

#> from to

#> <chr> <chr>

#> 1 Nstage TNM

#> 2 Tstage TNM

#> 3 Tumoursize property_of_tumour
#> 4 Tstage property_of_tumour
#> 5 property_of_tumour property_of_ cancer
#> 6 TNM property_of_cancer
#> 7 property_of_cancer disease

#> 8 disease root

#> 9 high_blood_pressure heart_disease

#> 10 heart_disease disease

#> # 1 15 more rows

example_ontology <- edge_tbl_to_graph(example_edge_tbl)
example_ontology

#> # A tbl_graph: 24 nodes and 24 edges
#> #

#> # A directed acyclic simple graph with 1 component
#> #

#> # Node Data: 24 = 1 (active)

#> name

#> <chr>

#> 1 Nstage

#> 2 Tstage

#> 3 Tumoursize

#> 4 property_of_tumour

#> 5 TNM

#> 6 property_of_cancer

#> 7 disease

#> 8 high_blood_pressure

#> 9 heart_disease

#> 10 diabetes_Type_ I

#> # 4 14 more rows

#> #

#> # Edge Data: 24 = 2
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#> from to
#> <int> <int>

#> 1 1 5
#> 2 2 5
#> 3 & 4
#> # 4 21 more rows

Node attributes can be included in the edge table (see 7edge_tbl_to_graph) to be used as labels during
meta-variable aggregation (label_attr parameter in metavariable_agg).

Join ontology and data variable names

Nodes representing variable names in the dataset can be joined to the ontology to which they have been
mapped with join_vars_to_ontol(). Prior to joining, this function calculates the information content of
each ontological entity using the equation below, developed by Zhou et al. (2008):

10(e) = k(1 log(hypo(c) + 1)) = R)( log(deep(c)

log(nodemax) log(deepmax)
Where ¢ is an ontological entity in ontol_graph, hypo(c) is the number of hyponyms (descendants) of c,
nodemax is the total number of ontological entities in ontol_graph, deep(c) is the depth of ¢ (distance from
root), deepmayx is the maximum depth in ontol_graph, and k is an adjustable factor to adjust the weight of
the two terms (default = 0.5); a higher k value will reduce the importance/impact of ¢’s relative depth in the
ontology.

joined_nw <- join_vars_to_ontol(ontol_graph = example_ontology,
var2entity_tbl = example_mapping_file,
root = "root", k = 0.5)

This network, with the variable names added as nodes, can be visualised as below. The node_category node
attribute can be used to colour the nodes:

ggraph: :ggraph(joined_nw, layout = "sugiyama") +
ggraph: :geom_edge_diagonal (arrow = arrow(length = unit(3, 'mm')),
colour = "slategray3") +
ggraph: :geom_node_label (aes(
label = name, color = node_category), size = 2.5,
repel = F, hjust="inward") +
theme_void() +
scale_color_brewer(palette = "Set2") +
coord_flip() +
theme (legend.position = ¢(0.08, 0.85))
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Figure 14: Visualisation of ‘example_ontology‘ using the ggraph package, coloured by the category of the

node.

Node information content can be visualised, as below. Information content is not calculated for dataset
variables because they are not part of the original ontology, therefore their node size is 0. This visualisation
the ontology are more informative than those higher up.

helps demonstrate how nodes/concepts further down

This calculation benefits SE as the common ancestor of a set of variable nodes with the highest information
content is chosen to label the group. In the middle branch from the root node, there are two annotation
of two variables (SNP_a and SNP_b). The node with the
higher information content, pathway_1, is chosen to label the semantic commonality between these variables

ancestor nodes which are multiple common ancestors

over the less informative node, metabolic_pathway.

ggraph: :ggraph(joined_nw, layout = "sugiyama") +
ggraph: :geom_edge_diagonal (arrow = arrow(length = unit(3, 'mm')),

colour = "slategray3") +

ggraph: :geom_node_point (aes(

color = node_category, size = information_content)) +

ggraph: :geom_node_label (aes(
label = round(information_content,?2),

color = node_category), size = 2.5, hjust="inward") +

scale_color_brewer(palette = "Set2") +
theme_void() +
coord_f1lip()
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Figure 15: Visualisation of ‘example_ ontology‘ using the ggraph package, coloured by the category of the
node. Node size is proportional to node information content. Node labels denote node information content.
Dataset variable nodes (right hand side of figure) are not visible as information content is only applicable to
ontological entities.

Compute meta-variable information

“Meta-variable” is defined here as an ontological entity which is the most informative common ancestor of
two or more variables in the joined network. Meta-variables are identified in metavariable_info() by first
determining the unique sets of variable nodes which are descendants of ontological nodes. The information
content (IC, calculated above) of nodes which share the same set of variable descendants is compared and the
node with the highest IC is used to label the set.

example_ontology links variable nodes in joined_nw to identify nine sets, shown in the graph below:

example_ontology %>%
join_vars_to_ontol(var2entity_tbl = example_mapping_file, root = "root") %>
metavariable_info() ->
metavariables_nw

#> Identifying semantic commonalities...

#> Complete. Duration: 0.13 secs.

#> 9 semantic commonalities found (via common ontological ancestors).

metavariables_nw %>
# annotations are also constidered a set. This isn't helpful for this wisualisation
# Therefore, the sets of non-meta—variables are removed below
tidygraph: :mutate(variable_set = ifelse(!is_metavariable, NA, variable_set)) >
tidygraph: :mutate(variable_set = as.factor(variable_set)) %>%
ggraph: :ggraph(layout = "sugiyama") +
ggraph: :geom_edge_diagonal (arrow = arrow(length = unit(3, 'mm')),
colour = "slategray3") +
ggraph: :geom_node_label(aes(label = ifelse(is_metavariable,
as.factor(as.numeric(variable_set)),
name) ,
color = ifelse(is_metavariable,
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as.character(as.numeric(variable_set)),
node_category)),
repel = F, size = 2.5, hjust="inward") +
theme_void() +
theme (legend.position = "none") +
coord_£f1lip()

heart—disease:

Figure 16: Visualisation of ‘example_ontology‘ using the ggraph package. Ontological entities which link
two or more dataset variables as descendants are labelled with numeric identifiers for the set of variables
linked. Variable sets 5 and 8 variables are shown to have multiple common ancestors. This demonstrates the
need to consider the information content of common ancestors so that the most informative common ancestor
is used in the labelling of meta-variables.

Note how variable sets 5 and 8 each have two nodes which share the same set of variables. The information
content, calculated during join_vars_to_ontol (), of these nodes is compared and the node with the highest
information content is used to label the set.

Additionally, a minimum threshold can be applied to the information content to exclude less informative (less
specific) meta-variables from subsequent aggregation with the IC_threshold parameter).

Review meta-variables’ source variables

Information describing dataset variables which have been identified as ontological descendants for each
meta-variable is contained in the output of metavariable_info(). Reviewing this information can be
important in understanding how meta-variables were constructed. This is particularly true for meta-variables
with a low information content as their label will be less specific to the dataset variables.

metavariable_variable_descendants() distils this information from the output of metavariable_info ()
into a table where each row describes one most informative common ancestor (the precursor to meta-variable
aggregations), its information content, and one of its descendant/source variables which was used in its
creation.
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metavariable_variable_descendants(metavariables_nw)
#> # A tibble: 36 = 3

#> metavariable tnformation_content descendant_variable

#> <chr> <dbl> <chr>

#> 1 property_of_tumour 7.2e-1 t_stage

#> 2 property_of_tumour 7.2e-1 tumoursize

#> 3 TNM 7.2e-1 n_stage

#> 4 TNM 7.2e-1 t_stage

#> 5 diabetes_mellitus 7.2e-1 diabetes_merged_Type.I

#> 6 diabetes_mellitus 7.2e-1 diabetes_merged_Type.Il
#> 7 pathway_1 5.8e-1 SNP_a

#> 8 pathway_1 5.8e-1 SNP_b

#> 9 marital_status 5.3e-1 marital_status_divorced
#> 10 marital_status 5.3e-1 marital_status_married

#> # 1 26 more Tows

Generate semantic aggregations

With the sets of variables identified and the meta-variable used to label each set confirmed, the next step is
to perform the aggregations. This functionality requires the previously described low-level SE functions and
is overlaps with the semantic_enrichment () function, but does not carry out some of the checks.

example_ontology %>%
join_vars_to_ontol(var2entity_tbl = example_mapping_file, root = "root") %>%
metavariable_info () %>%
metavariable_agg(data = post_qc_data) ->
qc_se_data
#> Aggregating vartiables with semantic commonalities to metavariables
#> and appending to “data ...
#> Metavariables will be labelled by the most informative common ancestor.
#> Identifying semantic commonalities...
#> Complete. Duration: 0.13 secs.
#> 9 semantic commonalities found (via common ontological ancestors).
#> Complete. Duration: 6.83 secs.
#> The dataset has been enriched with 35 metavariables
#> (10 metavariables had zero entropy and were therefore not appended).

## summary of output
tibble::glimpse(qc_se_data)
#> Rows: 1,000

#> Columns: 50

#> $ tumoursize <dbl> 61.71058, 64.18932, 47.81393, 40.93006, 62.117~
#> $ t_stage <dbl> 3, 4, 1, 3, 5, 1, 1, 4, 2, 1, 5, 4, 3, 2, 5, 3~
#> $§ n_stage <dbl> 3, 2, 3, 1, 2, 3, 3, 2, 2, 1, 3, 1, 3, 1, 2, 2~
#> $§ hypertension <dbl> 2, 2, 2, 2, 1, 2, 1, 1, 2, 1, 2, 1, 1, 1, 1, 2~
#> $ rural_urban <dbl> 1, 2, 1, 1, 2, 2, 2, 1, 1, 1, 2, 2, 2, 2, 2, 1~
#> $ SNP_a <dbl> 1, 1, 1, 1, 2, 2, 1, 2, 2, 2, 2, 1, 2, 1, 2, 2~
#> $ SNP_b <dbl> 2, 3, 2, 2, 2, 2, 2, 2, 2, 1, 1, 3, 1, 3, 2, 1~
#> $§ diabetes_merged_No <dblt> o, o, 0o, 1, 0, 1, 1, 1, 1, 1, 0, 1, 0, 0, 1, O~
#> ¢ diabetes_merged_Type.I <dbt> 1, 0, 1, 0, 1, o, 0, 0, 0, 0, 1, 0, 1, 0O, 0O, 1~
#> ¢ diabetes_merged_Type.II <dbt> o, 1, 0, 0, 0o, 0o, o, 0o, 0, 0, 0, 0, 0O, 1, 0, O~
#> $ diabetes_merged_NA <dvblt> o, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, O~
#> $ marital_status_divorced <dbl> o, 1, 1, 0o, 0, 0o, o, 0, 0, 0, 0, 0, 0, 0, 0, 1~
#> $ marital_status_married <dbl> 1, 0, 0, 0, 0, 0, 1, 0, 0, 1, 1, 1, 1, 0, 1, O~
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#> $ marital_status_single <dbl>
#> $ marital_status_NA <dbl>
#> $ MV_property_of_tumour_SUM <dbl>
#> $ MV_property_of_tumour_AVG <dbl>
#> § MV_property_of_tumour_MAX <dbl>
#> $ MV_property_of_tumour_MIN <dbl>
#> $ MV_property_of_tumour_MUL <dbl>

, 00 1,11,0, 1,1, 0,0, 0, 0, 1, 0, 0~
0 0, 0, O, O, O, ©, O, ©, O, Oy, O, O, O, O, O

R

.0506338, 1.3209213, 0.4368958, 0.8805543, 1.
. 7004225, 0.8806142, 0.2912639, 0.5870362, 1.
.0506338, 1.3209213, 0.4368958, 0.8805543, 1.
.5000000, 0.5709213, 0.0000000, 0.3805543, O.
. 106430411, 0.375623897, 0.000000000, 0.03295~

R

R

R

#> $ MV_TNM_SUM <dbl> 1.50, 1.25, 1.00, 0.50, 1.50, 1.00, 1.00, 1.25~
#> $§ MV_TNM_AVG <dbl> 1.0000000, 0.8333333, 0.6666667, 0.3333333, 1.~
#> $ MV_TNM_MAX <dbl> 1.50, 1.25, 1.00, 0.50, 1.50, 1.00, 1.00, 1.25~
#> $§ MV_TNM_MIN <dbl> 0.50, 0.50, 0.00, 0.00, 0.50, 0.00, 0.00, 0.50~
#> § MV_TNM_MUL <dbl> 0.562500000, 0.244140625, 0.000000000, 0.00000~

R

#> $ MV_property_of_cancer_SUM <dbl>
#> $ MV_property_of_cancer_AVG <dbl>
#> $ MV_property_of_cancer_MAX <dbl>
#> $§ MV_property_of_cancer_MIN <dbl>
#> $ MV_property_of_cancer_MUL <dbl>

.0506338, 1.8209213, 1.4368958, 0.8805543, 2.
.0263169, 0.9104606, 0.7184479, 0.4402771, 1.
.0506338, 1.8209213, 1.4368958, 0.8805543, 2.
.5000000, 0.5000000, 0.0000000, 0.0000000, O.
.593522555, 0.323162519, 0.000000000, 0.00000

R

R

R

R

#> $ MV_disease_SUM <dbl> 4.0506338, 3.8209213, 3.4368958, 1.8805543, 3.~
#> $ MV_disease_MAX <dbl> 4.0506338, 3.8209213, 3.4368958, 1.8805543, 3.~
#> $ MV_diabetes_mellitus_SUM <dbl> 1, 1, 1, 0, 1, 0, 0, 0, 0, 0, 1, 0, 1, 1, 0, 1~
#> $ MV_diabetes_mellitus_AVG <dbl> 0.6666667, 0.6666667, 0.6666667, 0.0000000, 0.~
#> $ MV_diabetes_mellitus_MAX <dbl> 1, 1, 1, 0, 1, 0, 0, 0, 0, O, 1, O, 1, 1, O, 1~
#> $ MV_marital_status_SUM <dbl> 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1~
#> $ MV_marital_status_AVG <dbl> 0.5, 0.5, 0.5, 0.5, 0.5, 0.5, 0.5, 0.5, 0.5, O~
#> $ MV_marital_status_MAX <dbl> 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1~
#> $ MV_lifestyle_information_SUM <dbl> 1, 2, 1, 1, 2, 2, 2, 1, 1, 1, 2, 2, 2, 2, 2, 1~
#> $ MV_lifestyle_information_AVG <dbl> 0.4, 0.8, 0.4, 0.4, 0.8, 0.8, 0.8, 0.4, 0.4, O~
#> $ MV_lifestyle_informatton_MAX <dbl> 1, 2, 1, 1, 2, 2, 2, 1, 1, 1, 2, 2, 2, 2, 2, 1~
#> $ MV_pathway_1_SUM <dbl> 0.5, 1.0, 0.5, 0.5, 1.0, 1.0, 0.5, 1.0, 1.0, O~
#> $ MV_pathway_1_AVG <dbl> 0.3333333, 0.6666667, 0.3333333, 0.3333333, 0.~
#> $§ MV_pathway_1_MAX <dbl> 0.5, 1.0, 0.5, 0.5, 1.0, 1.0, 0.5, 1.0, 1.0, O~
#> $ MV_pathway_1_MIN <dbl> 0.0, 0.0, 0.0, 0.0, 0.5, 0.5, 0.0, 0.5, 0.5, O~
#> $ MV_pathway_1_MUL <dbl> 0.00000000, 0.00000000, 0.00000000, 0.00000000~
#> $ MV_root_SUM <dbl> 5.550634, 6.820921, 4.936896, 3.380554, 6.0539~
#> § MV_root_AVG <dbl> 0.8539437, 1.0493725, 0.7595224, 0.5200853, 0.~

0
0
1
0
1
0
0
1
1
1
0
0
2
1
z
0
0
4

#> $ MV_disease_AVG <dbl> 1.15732395, 1.09169179, 0.98197023, 0.53730122~
4
1
0
1
1
0
1
1
0
1
0
0
0
0
0
5
0
5

#> $ MV_root_MAX <dbl> 5.550634, 6.820921, 4.936896, 3.380554, 6.0539~
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