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Abstract

Background: Systematic reviews depend on time-consuming extraction of data from the PDFs of underlying studies. To date,
automation efforts have focused on extracting data from the text, and no approach hasyet succeeded in fully automating ingestion
of quantitative evidence. However, the majority of relevant datais generally presented in tables, and the tabular structureis more
amenabl e to automated extraction than free text.

Objective: The purpose of this study was to classify the structure and format of descriptive statistics reported in tablesin the
comparative medical literature.

Methods: We sampled 100 published randomized controlled trials from 2019 based on a search in PubMed; these results were
imported to the AutoL.it platform. Studies were excluded if they were nonclinical, noncomparative, not in English, protocols, or
not availableinfull text. In AutoL.it, tables reporting baseline or outcome datain all studieswere characterized based on reporting
practices. M easurement context, meaning the structure in which theinterventions of interest, patient arm breakdown, measurement
time points, and data element descriptions were presented, was classified based on the number of contextual pieces and metadata
reported. The statistic formats for reported metrics (specific instances of reporting of data elements) were then classified by
location and broken down into reporting strategies for continuous, dichotomous, and categorical metrics.

Results: Weincluded 78 of 100 sampled studies, one of which (1.3%) did not report data elementsin tables. The remaining 77
studies reported baseline and outcome datain 174 tables, and 96% (69/72) of these tables broke down reporting by patient arms.
Fifteen structures were found for the reporting of measurement context, which were broadly grouped into: 1x1 contexts, where
two pieces of context arereported in total (eg, armsin columns, dataelementsin rows); 2x1 contexts, where two pieces of context
are given on row headers (eg, time pointsin columns, arms nested in data elements on rows); and 1x2 contexts, where two pieces
of context are given on column headers. The 1x1 contexts were present in 57% of tables (99/174), compared to 20% (34/174)
for 2x1 contexts and 15% (26/174) for 1x2 contexts; the remaining 8% (15/174) used unique/other stratification methods. Statistic
formats were reported in the headers or descriptions of 84% (65/74) of studies.

Conclusions: Inthiscross-sectional pilot review, we found a high density of information in tables, but with major heterogeneity
in presentation of measurement context. The highest-density studies reported both baseline and outcome measuresin tables, with
arm-level breakout, intervention label's, and arm sizes present, and reported both the statistic formats and units. The measurement
context formats presented here, broadly classified into three classesthat cover 92% (71/78) of studies, form abasisfor understanding
the frequency of different reporting styles, supporting automated detection of the data format for extraction of metrics.

(IMIR Form Res 2021;5(11):e33124) doi: 10.2196/33124
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Introduction

Extracting Data for a Systematic Review

Systematic reviews and meta-analyses of high-quality studies
are essential for clinical decision-making [1], guidelines [2],
and evidence-based adoption and approval of therapies [3].
Quantitative data extraction isan essential task in the systematic
review/meta-analysis process, during which researchers gather
patient characteristics, interventions, and outcomes of interest
in a common format to support summarization and statistical
analysis. The current practice for data extraction is manual
review of published manuscripts of studies, with subsegquent
manual entry of datainto a spreadsheet or review software [4].
The manual, work-intensive nature of this task contributes to
the high cost in time and money of reviewing the clinical
literature.

The time investment and costs of systematic
reviews/meta-analyses—which can reach 16 months and US
$141,000[5] inlabor to complete asingle revien—are the major
limiting factorsin the synthesis of scientific evidence. Thetask
of data extraction from published comparative studiestypically
demands 20% of the total review and analysis time, and is
subject to high accuracy standards [6,7]. This has led to cals
for both improved software systems for systematic
reviews/meta-analyses and automation of the data extraction
process. However, according to a systematic review of
systematic review/meta-analysi s extraction automation projects,
“no unified information extraction framework [ has been] tailored
tothe systematic review process...[automation] techniques have
not been fully utilized to fully or even partially automate the
data extraction step of systematic review” [8].

Systematic Review Wor kflow Software Platforms

Degpite the fact that automated data extraction for systematic
reviews/meta-analyses has yet to be achieved, severa web-based
software options currently support part or all of the workflow
of areview [9], establishing a systematic approach on which
automated data extraction can be modeled. We previously
developed a workflow software platform (AutoLit, Nested
Knowledge, MN) [10] for performing and presenting systematic
reviews and meta-analyses. The data extraction functions of
AutoLit are user-driven and focused on extracting descriptive
statistics. After articles are retrieved and screened, users read
the PDFs of study content and feed extracted data directly into
a database, which is used to produce a “living” summary and
obtain interpretive statistical outputs. This platform has provided
a basis for experimentation with the streamlining of data
extraction, the end goal of which is automated identification,
parsing, and abstraction of summary statistics reported in
medical manuscripts.

Automated Data Extraction Efforts

To begin to solve the problem of automated data extraction, it
isfirst essential to understand the format in which input dataiis
available. PDF manuscripts are the de facto publication medium.
Within these manuscripts, the key data regarding the patient
population/characteristics, interventions of interest, and
outcomes are presented in both the text and datatables. Notably,
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the majority of previous extraction efforts have focused on
textual extraction [8], despite the varied presentation stylesand
unstructured nature of both contextual information and the data
themselves.

Targeting Extraction from Tables

We hypothesized that data tables, as opposed to free text,
represent an ideal target for automated extraction based on the
following traits: (1) datain tables are densely concentrated; (2)
tables are delimited and typically include structure and a
standardized set of contexts not found in free text; (3) tables
often report statistics not mentioned in the free text (eg,
secondary outcomes); and tables consistently report data with
higher precision and full information (eg, dispersion measures
and sample sizes).

Existing Standardsfor Tabular Presentation

Journals and medical research bodies have published standards
related to how statistics and tables should be presented [11-13].
Common themes include presenting units for continuous data
elements, standardization of statistic formatting (eg, mean [SD]),
reporting interventions as full names or standardized
abbreviations, and reporting sample sizes used in an analysis.

Degspite these guidelines, table formatting standards, both in
terms of style and content, vary between journals. This
heterogeneity has been noted previously, and a software tool
targeted toward authors[14], “tableone,” was created to enable
harmonized generation of statistical analysesand tablesdirectly
from study results. However, tableone and similar tools are not
yet widely adopted to a sufficient extent to meaningfully
standardize reporting.

Classifying Tabular Reporting Practices

Given this context, automated tabular extraction depends on
understanding the variety of table structures—including the
types and frequencies of variation from common formats—in
medical manuscripts. A recent systematic review showed that
although 14 independent automation projectsfocused on full-text
extraction have been published [15], only one project focused
on extraction from tables[8]. Furthermore, although the results
of this project were promising, achieving high accuracy in
machine learning—based extraction, neither this nor any other
study to date has surveyed or classified the structure of tables
presented in the clinical literature. Therefore, in this study, we
focused on identifying the characteristics that are essential for
the automation of extraction of descriptive statistics in tables.
This can provide concrete structural characteristics to enable
assessment of the generalizability of tabular presentation formats
and support the future automation of extraction.

Methods

Sampling Published Comparative Clinical Studies

A cross-sectional sample of clinical study publication records
was generated. In brief, published studiestagged as randomized
controlled trials (RCTs), asindexed in PubMed, from 2019 were
searched using the following term: “randomized controlled trial”
[Publication Type] AND 2019/01/01:2020/01/01[dp]. Search
results were exported from PubMed on August 9, 2021, using
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the Entrez application programming interface [16]; imported
to the AutoLit platform; and search results were randomly
sampled by index, without replacement, using the R function
“sample” to select 100 records. Of these, all published articles
were included except those that met the following exclusion
criteria: not clinical, not comparative (ie, the publication does

Table 1. Defining tabular concepts.

Holub et al

not compare outcomes between patient groups), not in English,
protocol only, or no full text available.

Abstracting Tables

Within this sample, table attributes were identified, classified,
and summarized. The concepts for data extraction used are
summarized in Table 1.

Concept Definition Example

Data element A characteristic or quality being measured Mortality

Metric A measured instance of adata element, a descriptive statistic 2/59 (3.4%)

Arm A subset of an experiment’s participants that are assigned a specific intervention  Placebo group
Time point The point(s) in time in an experiment when measurement of data elementsis 6-month follow-up

performed

Measurement context  The combination of adataelement, arm, and time point in experimental reporting Mortality in the placebo group at 6 months

Data extraction necessarily has to address the attributes of
measurement context to discern the meaning of a given metric.
Thus, for each patient arm, the intervention and population size
must be identified, and for each data element, the unit of
measurement and time points must be extracted. Furthermore,
metrics must be parsed into their constituent statistics, including
(2) continuous metrics as the measure of central tendency and
the dispersion measure; (2) dichotomous metrics, namely the
subset, total population, and percentage (n/N, %); and (3)
categorical metrics, namely the subset and total population.

https://formative.jmir.org/2021/11/e33124

Tables and their descriptions typically contain at least partial
representations of metrics and their measurement contexts.
Context can be assigned to dimensions (rows and columns) of
the table. For example, Figure 1 displays a “2x1" context,
meaning that the rows of the table correspond to 2 nested pieces
of context (arms nested in data elements) and the columns
correspond to 1 piece of context (time points) [17]. For
comparison, Figure 2 displays a “1x1" context, wherein the
data elements are labeled on the rows (with corresponding
statistical formats) and arms are defined in the columns (time
points not presented) [18].
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Figurel. Exampleof a2x1 context with arms (blue) nested in data elements (red) on rows and time points (green) on the columns. Tablefrom Chellappa
et al [17]. ANOVA: analysis of variance.

TasLE 2: Summary of statistical results of the mixed ANOVA and pooled means and standard deviations of all variable measures.

Mixed ANOVA (p value)
Interaction Group (G) Time (T)
(group and time) effect ,* effect 17,
effect n,? (p value)  (p value) (p value)

Group 1 Mean (standard deviation)

(TENS-PNF)

Variables Group 2 Pre 3 week 5™ week
(PNF) (1) @) 3)
Control group (CG)

TENS-PNF 27+1.0 05+06 04+05
Pain VAS (cm) PNF 23+1.0 1.6+0.8 16+0.8
CG 22+09 20+08 20%08
TENS-PNF 75+1.8 101+12 102+1.2
Knee to wall (cm) PNF 6.7+08 75+09 72x1.0
CG 70+08 71+08 7.1x0.8
TENS-PNF 21£12 05+05 04+05
Dorsi proprioception PNF 1.8+1.0 15+1.0 15+1.0
CG 1.9+1.0 1.8+1.0 1.8+1.0
EG1 25+1.7 02+05 02+05
Plantar proprioception PNF 22+x19 19+10 19=%1.1
CG 24+1.2 24+13 24%12
TENS-PNF 159+15 186+18 187+1.8
Dorsiflexion ROM PNF 16.4+18 172+19 187+1.8
CG 16.7+1.7 168+19 168+1.8
TENS-PNF 364+39 435+3.7 436%39
Plantarflexion ROM PNF 385433 399+34 393+3.0
CG 37.3+4.0 375+4.1 375+43
TENS-PNF 11.1+1.8 139+1.7 139+1.7
Dorsiflexion MS PNF 11.2+08 11.7+0.7 11.6+0.6
CG 11.1+0.8 11.3+0.8 11.3+0.8
TENS-PNF 132+1.7 17117 17117
Plantarflexion MS PNF 145409 151409 149+1.0
CG 141+14 143+15 142+1.5
TENS-PNF 943+25 984+19 986+1.7
FADI score PNF 4.7+35 53434 953+34
CG 53+38 55437 955+3.7

0.608 (0.01)" 0.192 (0.002)* 0.674 (0.01)*

0.661 (0.01)* 0.482 (0.01)*  0.661 (0.01)*

0.438 (0.01)" 0.141 (0.01)"  0.390 (0.01)"

0.520 (0.01)" 0.244 (0.01)"  0.439 (0.01)"

0.655 (0.01)* 0.064 (0.15)*  0.622 (0.01)*

0.729 (0.0

1)* 0.148 (0.01)*  0.693 (0.01)"

0.741 (0.01)" 0.298 (0.01)"  0.736 (0.01)"

0.594 (0.01)* 0.218 (0.01)*  0.541 (0.01)*

0.678 (0.0

' 0078 (0.098)° 0.651 (0.01)"

VAS: Visual Analogue Scale; ROM: range of motion; MS: muscle strength; FADI: the Foot and Ankle Disability Index score. *Significant effect (p <0.05).

"Nonsignificant.

Figure2. A 1x1 baseline table reporting data el ements on rows and arms on columns. Arm sizes are embedded in intervention headers (red), category
labels are reported in the data element array indented (blue), and statistic formats are reported in headers (green). Table from Gauto Benitez et al [18].
HFNC: high flow nasal cannula.

Table 1. Baseline characteristics of the HFNC and Control groups

Variables HENC Control p
n (32) n(33)

Age median (range) 5(2-14) 4(2-14) 0.537*
Sex n (%)

Female 22 (68.8) 17 (51.5) 0.156**

Male 10(31.3) 16 (48.5)
Previous crisis n (%) 30(93.8) 33 (100) [
Maintenance treatment n (%) 13 (40.6) 15 (45.4) 0.694**
Z Score mean (SD) 0.45+1.12 0.70 £ 1.53 0.457***
Respiratory rate at admission | mean (SD) 43.8 + 10.56 46.3 £ 11.62 {515 EE
Saturation of O, at admission | median (range) 91 (82-99) 92 (80-98) 0.659*
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Table Classification

Classification System

Each included record underwent full text review and was tagged
in AutoL it based on the attributes of its (1) table structure, (2)
measurement context, and (3) metric information. All tables
within apublished article were considered for classification via
the tagging hierarchy. Tags were assigned on a per-table basis

Holub et al

within each record such that the tags described the attributes of
its tables.

Table Structure Reporting

Asdefined in Table 2, table attributes covered the reporting of
baseline and outcome data and table orientation/pagination. If
atabledid not report any descriptive statistics concerning patient
characteristics or outcomes, it was accordingly not tagged.

Table 2. Tagging hierarchy of table structural attributes.

Tags Applied when

Baseline or demographic characteristics of one or more study arms reported
Intable The article reports baseline characteristics for the study population in atable, broken out by arm
Participant level Thearticle reports baseline characteristics for the study population in atable, reported for each participant

No arm-level breakout The article reports baseline characteristics for the entire study population in a table, with no breakout

Experimental outcomes reported

Intable The article reports outcomes in atable, including the primary outcome(s), at one or more follow-up time
points
Participant level The article reports outcomes in atable, including the primary outcome(s), at one or more follow-up time

points, reported for each participant

Secondary only, in table The article reports outcomesin atable, but not all the primary outcomes of the study, instead focusing on

data points other than primary outcomes
Other tablefeatures

Rotated 90 degrees One or more baseline or outcome tables in the article is rotated 90 degrees in either direction on the page
but is otherwise normal
Multipage One or more baseline or outcome tables in the article overflows beyond its starting page but is otherwise

normal

per array (where an array represents either a row or column),
including data element headers, aam names and arm size
reporting, labeling of interventions, and labeling of time points
(Table 3).

Measurement Context Reporting

M easurement context tags were applied for all tablesfor which
patient baseline characteristics or outcomes were reported.
Contextua information of interest included the pieces of context
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Table 3. Tagging hierarchy of measurement context attributes.

Tags Applied when

Alignment of table dimensions and measurement context?

1x1 Only two pieces of context are shown in the table dimensions: one on rows and one on columns (eg, data
elements on rows and arms columns)

2x1 Three pieces of context are shown in the table dimensions: two on rows and one on columns (eg, arms
nested in data elements on rows, time points on columns)

1x2 Three pieces of context are shown in the table dimensions: one on rows and two on columns
Number of participantsin individual arms of the study reported

Embedded in arm Arm sizes are reported as part of the arm or intervention label (eg, “ Placebo [n=25]")

Separate array Arm sizes are reported in adistinct column or row in the table

Header labels corresponding to the intervention(s) applied in each arm of the study

Full name The entire name of the intervention(s) for the arm is shown in the arm header

Acronym or abbreviation An acronym or shortened version of the invention name(s) for the arm is shown in the arm header
Control/experimental The arm header is labeled with “Control” and “Experimental” or “Treatment” or “Intervention”
Alternate labels Any header labeling scheme not identified aboveis used

Header labels corresponding to the time at which the reported data were collected

Contains unit of time The time point header contains an amount of time, including units
Pre/post The time point header islabeled “ Pre/Post,” “ Before/After,” “ Baseline/Follow-up”
Incremental numbered Time point headers are labeled with numbers or lettersin order of time (eg, “t1,” “t5")

8Context is tagged as “ Embedded” when individual header cellsinclude 2 elements of context (eg, “Baseline BMI”).

outcome tables in the article were considered for metric

Metric Reporting classification (Table 4).

Unlike table structure and measurement context, metric tags
were applied per article rather than per table. All baseline and
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Table 4. Tagging hierarchy of metric attributes.

Holub et al

Tags Applied when

The format of statisticsreported in a metric is displayed®
In header

I'n description or footnotes

The statistic format or just constituents are reported in the header of the array of metrics

The statistic format or constituents are reported in the description or footnotes; these may apply to the

entire table or be annotations for arrays

Units of continuous data elements reportedb
In header

In descriptions or footnotes

The units of data elements are reported in each array header

The units of continuous data elements are reported in the description or footnotes; these may apply to the

entire table or be annotations for arrays

Not relevant
data)

The article includes no continuous data elements or the continuous data elements are unitless (eg, scale

Pattern defining how the constituent statisticsin array of metrics are formatted®

Continuous

Dichotomous

Theformat is used for continuous data el ements

The format is used for dichotomous data elements, specifically when only asingle category isimplied

(eg, “Mortdity” or “Gender Male")

Categorical

The format is used for categorical data elements; this also applies when a dichotomous data element ex-

plicitly lists all categories (eg, “Smoking” has separate arrays for “ Yes’ and “No”)

Method of reporting category labelsfor categorical data dements?
Separate array
Same array
Same array indented

Category labels arein an entirely separate (delimited) array from the data el ement header array
Category labels are in the data element header array, with no distinction from other data element labels
Category labels are in the data element header array, but are nested under the categorical data element

header via white space or list indentation

Incell

Categories are al reported in the same cell (eg, “Gender M/F’ with metrics “11/9")

& f multiple cases apply, the lowest in the table is the classification.

byf multiple cases apply, the lowest in the table is the classification. If units are missing on one or more data elements, this classification should be left

empty.

“The formats under each tag are created as they are encountered in articles.

HThis classification is left empty in the event that no categorical data elements are reported.

Statistical Analysis

As a pilot study, no power analysis was performed to identify
an appropriate sample size. Sample size was estimated to restrict
95% Cls on proportions to £15% in width. Frequencies were
compiled with Boolean queries on tags in AutoLit's Study
Inspector. Boolean queries were run on tagged articles using
the open source software “btriev” [19] in NodeJS. The counts
of resultswere then compiled and proportion Clswere generated
using anormal approximation with the “prop.test” function in
R. Inferential statistics on proportionswere built with anormal
approximation and computed in the R programming language.
Clsare reported at the 95% level.

https://formative.jmir.org/2021/11/e33124
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Results

Characteristics of Sampled Articles

Of the sampled 100 records, 12 published articleswere excluded
for lack of PDF full text, 7 presented nonclinical findings, and
3 were not available in English, leaving 78 articles that were
included inthispilot study. A single clinical study wasreported
inall (78/78, 100%) published articles. Articleswere published
in 65 distinct journals, with the most frequent journal, PLoS
One, publishing 9 of the articles. An interactive visualization
of al articlestagged using the hierarchical paradigm described
above is available on the Nested Knowledge Synthesis page
(see Figure 3) [20].
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Figure3. A screenshot of theinteractive tagging hierarchy applied acrossthe 78 studiesincluded in this pilot survey. Two filterswere applied: “ Outcomes
Reported In Table” was selected first, and then “Mean + SD,” meaning the sunburst plot isfiltered to studies for which both tags are present. The right
menu displays the 38 studies for which thisis true as well as statistics about how common the tags in question are across all included studies.

—
(Clear Selection )

Select tag to filter

fehial quiod Ak gon o 350d[2d
~

Daty g
leme,
" on ) (= &%

Other Structyr

Time Points nest 24

& zoom &

Tag Details
Tag Mame-
p-

( Mean £ 5D

Frequently Co-ocourring Tags:

R In Table < Background Reported

|E n Table < C
[ > [FIE 1)

) of studies are associated with this tag.

p.

Associated Studies
Selected Tags:

QEEEEUBTSE Sampled Excerpts )

) of studies are associated with this tag & its descendants,

(i Table ) (aean 2 50 ¢

Title

The Effect of Music Therapy and Aromatherapy with C...
Effectiveness of ginger in reducing metabelic levels in .

The Effects of a Recollection-Based Occupational Ther...

Efficacy of the lumbar stabilization and thoracic mobili

Effectiveness of Low-Frequency Stimulation in Proprio...

JeULOS SAEYS
&
S

Gy
Dichotomeys
2]
o™ o

1)
(%)
@

Reporting of Basdineand OutcomeM easuresin Tables

Baseline and outcome data were reported in 71 of 78 (92%)
articles (95% Cl 84%-96%). Both baseline and outcome data
were presented in tables in 66 of 78 articles (85%, 95% Cl
75%-91%), and 77 (99%, 95% Cl 93%-100%) articlesreported

Table 5. Baseline and outcome reporting per article and per table.

Effect of music at 432 Hz and 440 Hz on dental anxiet...
Inertial Training Improves Strength, Balance, and Gait

Accelerated rehabilitation versus conventional rehabilit
Effects of dynamic core-postural chain stabilization on .

The Effects of Combined Exercise Training {Resistance-

D‘%f Effects of Orem’s Self-Care Model on the Life Quality o...

The effects of synbiotic supplementation on thyraid fu..
The implementation of a nutrition protocol in a surgica.
Twelve-Week Gait Retraining Reduced Patellofemoral ..
Beneficial Effects of Ipragliflozin on the Renal Function
Effct of Switching from Low-Dose Simvastatin to Hig
Electric toothbrush for biofilm control in individuals wi.
Triple Therapy with Budesonide/Glycopyrralate/Forma.,
Gingival recession treatment with concentrated growt.

Prevalence of Cesarean Section and Analysis of Meona,
38 studies selected

Author
Zamanifar
Carvalhe
Kim
Kostadinowi¢
Alahmari
Aravena
Maczk
Marchisio

‘Yoon

. Seyedizadeh

Xu

Talebi
Chinda
Wang
Tanaka
Thangtang
Silva
Ishiura
Akean

Shokrpour

at least one table of baseline or outcome measures. Standard
reporting (with arm-level breakout) was present in 97% (64/66,
95% CI 90%-99%) of tables reporting baseline characteristics
and in 96% (69/72, 95% Cl 92%-99%) of tables reporting
outcomes (Table 5).

Type Freguency per article (N=78), n (%) Fregquency per table (N=174), n (%)
Baselinereported in table 66 (85) 67 (38.5)

Arm-level breakout 64 (97) 65 (97)

No arm-level breakout 2(3) 2(3)
Outcomesreported in table 72 (92) 107 (61.5)

Arm-level breakout 69 (96) 104 (97.2)

Secondary only 2(3) 2(1.9)

Participant level 1(1) 1(0.9)

Among the 174 tables that were found to report either baseline
or outcome descriptive statistics, 6 (3.4%, 95% Cl 1.6%-7.3%)
wererotated 90 degreesand 5 (2.9%, 95% Cl 1.2%-6.5%) were
multipage.

Reporting of Measurement Context in Tables

Table 6 shows the frequency of measurement contexts using
the number of articles reporting one or more baseline or

https://formative.jmir.org/2021/11/e33124
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outcomes tables as the respective denominators. Overall, 48
(62%, 95% CI 51%-72%) articles labeled arms by the full
intervention name or an abbreviation of it. Additionally, 22 of
the 52 (42%, 95% CI 30%-56%b) articles reporting the time point
context in tables labeled time points according to the amount
of time,
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Table 6. Measurement context reporting per article (N=77).

Type Frequency per relevant? article, n (%)
Arm sizereported 57 (74)
Embedded in arm 50 (88)
In separate array 6 (12)
In description 1(1)
Intervention labelsreported 77 (100)
Control/experimental 26 (34)
Acronyms or abbreviated 25 (33)
Full name 23 (30)
Alternate labels 39
Time point labels reported 52 (68)
Pre/post 24 (46)
Contains unit of time 22 (42)
Incremental numbering 6 (12)

30ne article reported no baseline or outcome data in tables and was thus | eft out from the measurement context analysis.

In terms of dimensions, the 1x1 context of data elementsand reported on columns (134/174, 77.0%), data elements on rows
arms was most commonly used to report findings, with time  (144/174, 82.8%), and time points on columns (38/174, 21.8%)
points included in only 4 of 99 (4%, 95% Cl 1.6%-9.9%) of (see Table?7).

thesetables. Acrossall context types, armswere most frequently
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Table 7. Dimensions of tabular reporting of measurement context (N=174).

Holub et al

Context dimensions

Frequency per table, n (%)

1x1

DEs?on rows, arms on columns

Arms on rows, DEs on columns

Arm on rows, TPP on columns
TPs on rows, arms on columns
2x1
TPs nested in DEs on rows, arms on columns
Arms nested in DEs on rows, TPs on columns
DEs nested in arms on rows, TPs on columns
Arms nested in TPs on rows, DEs on columns
DEs and TPs embedded in rows, arms on columns
TPs nested in arms on rows, DEs on columns
DEs nested in TPs on rows, arms on columns
1x2
DEs on rows, TPs nested in arms on columns
DEs on rows, arms nested in TPs on columns
Arms on rows, TPs nested in DES on columns
DEs on rows, arms and TPs embedded on columns
Other structure
Stratified reporting
Only reports comparative statistics

99 (56.9)
90 (91)
5(9)
22
202

34 (19.5)
18 (53)
8 (24)
2(6)
2(6)
2(6)
1(3)
1(3)

26 (14.9)
16 (62)
5(19)
3(12)
2(8)

15 (8.6)
8 (53)
7(47)

8DE: data element.
OTP: time point.

Reporting of Metricsin Tables

Overdl, 75 (97%) articles reported one or more continuous
metrics in tables. Fourteen total formats were observed. Mean
central tendencieswere most frequently reported asmean + SD
(59%) and mean (SD) (36%), whereas medians were most
commonly reported as median (25th percentile-75th percentil )

https://formative.jmir.org/2021/11/e33124

RenderX

(52%,; see Table 8). Seven formats were used for means and 7
for medians.

Among 75 articles reporting at least one continuous metric, 64
(85%, 95% Cl 76%-92%) contained data elements where units
were relevant; of these, 55 (86%, 95% CI 75%-92%) reported
units of measurement in table headers.
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Table 8. Continuous metric reporting format in tables (N=77).

Holub et al

Continuous metrics reported

Frequency per relevant® article, n (%)

Mean
Mean + SD
Mean (SD)
Mean and SD in separate arrays
Mean
Mean SD
Mean (CI; lower-higher)
Mean * SD (range; min-max)
Median
Median (IQR; 25th percentile-75th percentile)
Median (range, min-max)
Median [IQR; 25th percentile-75th percentil€]
Median [IQR; 25th percentile, 75th percentile]
Median (IQR; 25th percentile to 75th percentile)
Median (IQR)
Min-Max (median)

69 (90)
41 (59)
25 (36)
2(3

2 (3%)
1(1%)
1(1%)
1(1%)
21(27)
11 (52)
4(19)
3(14)
1(5)
1(9)
1(5)
1(5)

80ne article reported no baseline or outcome data in tables and was thus left out from continuous data characterization.

Regarding dichotomous and categorical metrics, 8 different
formatswere encountered across 62 articles (Table 9); the format
n (%) was most commonly observed for both metric types.

Table 9. Dichotomous and categorical formats and labels in tables (N=77).

Statistical formats (such as those shown in Table 9) were also
commonly represented in tables. In 65 of 77 studies (84%), the
generalizable format was given. In 35 articles, the format was
presented in the header, whereasin 30 articles, it was presented
in the footnote or tabular description.

Statistics reported

Frequency per relevant® articles, n (%)

Dichotomous
n (%)
n
n/(N-n)
%
n, %
n and % in separate arrays
Categorical
n (%)
n
Categorical labels
Same array, indented
Separate array
In cell
Same array, unindented

40 (52)
30 (75)
3(8)
3(8)
3(8)
2(9)
1(3)
47 (61)
40 (85)
8(17)
47 (61)
35 (74)
7(15)
7 (15)
1(2)

80ne article reported no baseline or outcome data in tables and was thus left out from dichotomous/categorical data characterization.
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Among the 47 articles reporting categorical metrics, category
label indentation under the data element header was observed
in 35 (74%, 95% Cl 60%-85%) articles. Two articles used two
distinct methods of category labeling.

Across all data types, statistic formats were reported in tables
or their descriptions in 84% (95% Cl 75%-91%) of articles.

Characteristics of ArticlesWith High Information
Density

Notwithstanding the variety of measurement contexts (with 15
independent formats detected) and statistic formats presented,
high information density was common in our dataset. Articles
that were found to present maximal information in tables have
the following classifications: baseline or outcomes reported in
table; arm size reported; intervention labels should be full name
or acronyms or abbreviations; when reporting relevant metrics,
units of measurement are reported; and statistic format reported.

Thirty-one of the 78 sampled articles (40%, 95% CI 30%-51%)
matched these classifications. The most impactful constraint
among these classifications was “intervention labels’; if this
classification is dropped, 48 (62%, 95% CI 50%-75%) articles
matched the maximal-density, most-common formats listed
above.

Discussion

Principal Results

In this pilot survey, we found that 85% (66/78) of articles
reported both baseline and outcome data in tables, and 99%
(77/78) of articles have at |east onetable of baseline or outcome
data. Arm-level (intervention-specific) data were presented in
96% (69/72) of these tables, but there was major heterogeneity
in the methods of reporting population size and intervention
group names. Tabular dimensions ranged widely, with 15
independent dimensional structures used to report measurement
context across 174 tables. Although 1x1 contexts represented
the majority of tables, our results suggest that automated context
detection will need to contend with adiversity of arrangements.

Similarly, athough continuous data were very commonly
reported (90% of articles, n=69/77) and dichotomous and
categorical data were consistently reported (52% and 61% of
articles, n=40/77 and n=47/77 respectively), statistic formats
were heterogeneous, with seven formats for means, seven for
medians, and six for dichotomous data. Despite the
heterogeneity of format, tables provided a consistent,
high-density source for baseline and outcome data, and the
contexts and formats defined here can be used to refine the
expected data presentation for tabular data extraction. We plan
to expand upon this pilot study in tabular structure with a
review-and-tabular-extraction study, wherein the framework
outlined herewill beused to classify and extract from underlying
articlesand the accuracy of extracted metricswill be determined
by comparison to manual extraction.

Automated Recognition of Context and Format

The context presented in tables showed the most disappointing
rate of reporting information of interest. Although arm sizes
were reported in tables in 74% (57/77) of publications, arm

https://formative.jmir.org/2021/11/e33124
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interventions and measurement time points were reported in a
self-contained manner 60% (46/77) and 40% (31/77) of the
time, respectively. If tables are extracted in a completely
self-contained manner, with no access to the publication’s full
text, we expect only 40% of publicationswill contain sufficient
information in tables alone to complete extraction. Extraction
automations will therefore have to receive human input or
consult the free text to supplement arm and time point contexts
from the tables.

Statistic reporting was heterogenous in format but extremely
commonly reported: statistic format was explicitly reported in
tablesin up to 90% (69/77) of publications. Even where absent,
the format may aso be inferred from the metric arrays
themselves. Inferred formats may be useful when formats are
not reported or as a validation on the detected format.
Categorical metrics may produce the most complexity for
automations, as category labels are often not distinguished from
data element labels by more than whitespace indentation.

Given the commonality of n (%) reporting for dichotomousand
categorical data elements, it may be possible to arithmetically
derive missing arm sizes from metrics. If not essential, mining
thefull text may till provide valuein validations or completing
data. For example, interventionswere reported as abbreviations
or acronyms in around 30% (23/77) of publications; pattern
matching on the abstract or introduction could generate full
strings for these shortened versions.

A nontrivial number of publications, around 5% (4/77),
contained rotated or multipage tables. Automations should
consider toolstoidentify and apply corrective measuresin these
cases. Eight percent of tables reported only stratified data or
only comparative statistics; although these cases are typically
mathematically correctableto arm-level datathat meta-analysts
desire, automation of these procedures would add complexity.
Lastly, although no publication included in our pilot study had
missing data, potential missing data must be addressed in any
automated workflow: we suggest that for any table where data
are missing, the table should be visually presented to users for
confirmation.

Previous Research on Tabular Extraction

To date, the scientific literature does not seem to contain any
studies giving an overview of the table structure, context
presentation, and statistic formats, making this pilot study the
first of its kind. The Cochrane Collaboration has created a test
data set for automated extraction that may be used to test the
accuracy of novel extraction algorithms; however, their data set
did not classify tabular structure, instead focusing on providing
the test/training data sets and preliminary testing of their own
semiautomated extraction system [21].

However, previous authors have proceeded beyond classification
and provided approaches for automating tabular extraction.
Unlike the approaches reviewed by Jonnalagadda et a [8] and
Marshall et a [22], which focus on simplified content-extraction
tasks from free text (such as abstracts), Milosevic et al [23]
actually tested a preliminary algorithm for tabular extraction.
Although this study did not include an overview of the context
or statistic formats, the authors achieved an F-score (accuracy)
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of 82%-92% in the content extraction from a simplified set of
HTML tableswith 1x1 context formats. The seven-step process
for detecting, processing, tagging, and extracting from tables
used by Milosevic et a [23] is the most complete tabular
extraction process published to date. The only competing
approach focusing on tables in medical publications was from
Xu et a [24], who were able to extract drug side effect
relationships with 52% accuracy using a statistical classifier.
Other than Milosevic et a’s[23] pilot study, despite at least 26
approaches attempted in textual extraction [8], automated
extraction remains an unmet need for which tabular extraction
isapromising and underexamined methodol ogy.

Limitations

We believe our findings will generalize to modern clinical
publications owing to the simplicity of our search and
applicability of classifications. However, this survey and the
AutoL it dataextraction framework are applicable only to clinical
research publications. Since our search was limited to RCTS,
some study types such as observational studies may show
different characteristics. Similarly, we did not stratify our results
by journal, impact factor, or other factors apart from filtering
to RCTs, athough journal-related characteristics may affect
how representativethispilot is of medical publishing generally.

Acknowledgments

Holub et al

Additionally, specific fields of research may show characteristics
that do not align well with the averaging-across-fields approach
used in our study. As a pilot survey, our study did not involve
a power anaysis, however, this pilot study can be used to
determine sample sizes quantitatively in future research. Lastly,
our breakout of contexts and formats is aways subject to
expansion not covered in this sample, and automations built on
the expectation of alimited set of contexts or formats may fail
when new presentations of this information are encountered.
The test of this framework will be the accuracy of extraction
algorithms that employ it compared against existing extraction
methods.

Conclusions

In this pilot survey, we found a high density of information in
tables, with over 85% (66/78) of articles reporting both
background and outcome measures in tables, but with major
heterogeneity in presentation of measurement context.
M easurement context was most often presented ina1x1 format,
but 15 independent formats were found. Similarly, means and
medians were each found in seven independent formats, and
dichotomous variables in six. Despite this, high-quality
contextual information (intervention labels, arm sizes, units,
and statistic formats) were presented in 40% (31/77) of articles.
The range of context and statistic formats surveyed here can
provide a baseline for future tabular extraction efforts.

The authors acknowledge the software development team from Nested Knowledge, Stephen Mead, Jeffrey Johnson, and Darian
L ehmann-Plantenberg, for their input in designing the AutoL it workflow. The authors also acknowledge the use of the AutoL it
platform and labor funded by Nested Knowledge, Inc, in the completion of this project.

Authors Contributions

All authors participated in the conception, drafting, and editing of the manuscript. KH was the primary data gatherer and KK

reviewed the data gathering for accuracy.

Conflictsof Interest

KH, NH, and KK work for and hold equity in Nested Knowledge, Inc. KK also holds equity in Superior Medical Experts, Inc.

References

1.  Gopaakrishnan S, Ganeshkumar P. Systematic reviews and meta-analysis. understanding the best evidence in primary
healthcare. J Family Med Prim Care 2013 Jan;2(1):9-14 [FREE Full text] [doi: 10.4103/2249-4863.109934] [Medline:
24479036]

2. Glasser SP, Duvd S. Meta-analysis, evidence-based medicine, and clinical guidelines. In: Glasser SP, editor. Essentials of
clinical research. Switzerland: Springer, Cham; 2014:203-231.

3. Ciani O, Wilcher B, van Giessen A, Taylor RS. Linking the regulatory and reimbursement processes for medical devices:
the need for integrated assessments. Health Econ 2017 Feb 31;26(Suppl 1):13-29. [doi: 10.1002/hec.3479] [Medline:
28139087]

4. Taylor KS, Mahtani KR, Aronson JK. Summarising good practice guidelines for data extraction for systematic reviews
and meta-analysis. BMJ Evid Based Med 2021 Jun 25;26(3):88-90. [doi: 10.1136/bmjebm-2020-111651] [Medline:
33632720]

5.  Michelson M, Reuter K. Corrigendum to "The significant cost of systematic reviews and meta-analyses: A call for greater
involvement of machinelearning to assessthe promise of clinical trials' [Contemp. Clin. Trials Commun. 16 (2019) 100443].
Contemp Clin Trials Commun 2019 Dec;16:100450 [ FREE Full text] [doi: 10.1016/j.conctc.2019.100450] [Medline:
31872151]

6. Haddaway NR, Westgate MJ. Predicting the time needed for environmental systematic reviews and systematic maps.
Conserv Biol 2019 Apr 24;33(2):434-443. [doi: 10.1111/cobi.13231] [Medline: 30285277]

7. Haddaway N, Westgate M. PredicTER. URL: https://estech.shinyapps.io/predicter/ [accessed 2021-09-24]

https:/formative,jmir.org/2021/11/e33124 JMIR Form Res 2021 | vol. 5 | iss. 11 | €33124 | p. 13

(page number not for citation purposes)


http://www.jfmpc.com/article.asp?issn=2249-4863;year=2013;volume=2;issue=1;spage=9;epage=14;aulast=Gopalakrishnan
http://dx.doi.org/10.4103/2249-4863.109934
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24479036&dopt=Abstract
http://dx.doi.org/10.1002/hec.3479
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28139087&dopt=Abstract
http://dx.doi.org/10.1136/bmjebm-2020-111651
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33632720&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2451-8654(19)30212-1
http://dx.doi.org/10.1016/j.conctc.2019.100450
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31872151&dopt=Abstract
http://dx.doi.org/10.1111/cobi.13231
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30285277&dopt=Abstract
https://estech.shinyapps.io/predicter/
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR FORMATIVE RESEARCH Holub et al

8.

9.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

Jonnalagadda SR, Goyal P, Huffman MD. Automating data extraction in systematic reviews: a systematic review. Syst
Rev 2015 Jun 15;4:78 [FREE Full text] [doi: 10.1186/s13643-015-0066-7] [Medline: 26073888]

Van der Mierden S, Tsaioun K, Bleich A, Leenaars CHC. Software tools for literature screening in systematic reviewsin
biomedical research. ALTEX 2019;36(3):508-517. [doi: 10.14573/altex.1902131] [Medline: 31113000]

Nested knowledge. URL : https://nested-knowledge.com/ [accessed 2021-09-24]

Recommendations for the conduct, reporting, editing, and publication of scholarly work in medical journals. International
Committee of Medical Journal Editors. URL: http://www.icmje.org/icmje-recommendations.pdf [accessed 2021-09-24]
Arifin WN, Sarimah A, Norsa'adah B, Najib Majdi Y, Siti-Azrin AH, Kamarul Imran M, et a. Reporting statistical results
inmedical journals. MalaysJMed Sci 2016 Sep 05;23(5):1-7 [FREE Full text] [doi: 10.21315/mjms2016.23.5.1] [Medline:
27904419]

Lang TA, Altman DG. Basic statistical reporting for articles published in biomedical journals: the "Statistical Analyses
and Methods in the Published Literature" or the SAMPL Guidelines. Int JNurs Stud 2015 Jan;52(1):5-9. [doi:
10.1016/j.ijnurstu.2014.09.006] [Medline: 25441757]

Pollard TJ, Johnson AEW, RaffaJD, Mark RG. TableOne: an open source Python package for producing summary statistics
for research papers. JAMIA Open 2018 Jul;1(1):26-31 [FREE Full text] [doi: 10.1093/jamiaopen/ooy012] [Medline:
31984317]

Schmidt L, Olorisade BK, McGuinness LA, Thomas J, Higgins JPT. Data extraction methods for systematic review
(semi)automation: aliving systematic review. F1000Res 2021 May 19;10:401 [FREE Full text] [doi:
10.12688/f1000research.51117.1] [Medline: 34408850]

Entrez Programming Utilities Help. National Center for Biotechnology Information. URL : https://www.ncbi.nlm.nih.gov/
books/NBK 25501/ [accessed 2021-09-24]

Chellappa D, Thirupathy M. Comparative efficacy of low-Level laser and TENS in the symptomatic relief of
temporomandibular joint disorders: A randomized clinical trial. Indian J Dent Res 2020;31(1):42. [doi:
10.4103/ijdr.ijdr_735 18]

Gauto Benitez R, Morilla Sanabria LP, Pavlicich VV, Mesquita M. High flow nasal cannula oxygen therapy in patients with
asthmatic crisisin the pediatric emergency department. Rev Chil Pediatr 2019 Dec;90(6):642-648 [FREE Full text] [doi:
10.32641/rchped.v90i6.1145] [Medline: 32186587]

btriev. Version 1.0.4. Novel Preposterous Mockery (NPM). 2021. URL : https://www.npmjs.com/package/btriev/v/1.0.4
[accessed 2021-09-24]

Tabular outcomes reporting. Nested Knowledge. URL : https://nested-knowledge.com/nest/qualitative/443 [accessed
2021-08-23]

Norman C, Leeflang M, Névéol A. Data extraction and synthesisin systematic reviews of diagnostic test accuracy: acorpus
for automating and evaluating the process. 2018 Presented at: AMIA Annual Symposium Proceedings;, November 2018;
San Francisco, CA p. 817-826.

Marshall 1J, Wallace BC. Toward systematic review automation: apractical guideto using machinelearning toolsin research
synthesis. Syst Rev 2019 Jul 11;8(1):163 [FREE Full text] [doi: 10.1186/s13643-019-1074-9] [Medline: 31296265]
Milosevic N, Gregson C, Hernandez R, Nenadic G. A framework for information extraction from tables in biomedical
literature. Int J Doc Anal 2019 Feb 15;22(1):55-78. [doi: 10.1007/s10032-019-00317-0]

Xu R, Wang Q. Combining automatic table classification and relationship extraction in extracting anticancer drug-side
effect pairsfrom full-text articles. JBiomed Inform 2015 Feb;53:128-135 [ FREE Full text] [doi: 10.1016/].jbi.2014.10.002]
[Medline: 25445920]

Abbreviations

RCT: randomized controlled trial

Edited by G Eysenbach; submitted 24.08.21; peer-reviewed by MS Aslam, S Pranic; comments to author 17.09.21; revised version
received 27.09.21; accepted 07.10.21; published 24.11.21

Please cite as:

Holub K, Hardy N, Kallmes K

Toward Automated Data Extraction According to Tabular Data Structure: Cross-sectional Pilot Survey of the Comparative Clinical
Literature

JMIR Form Res 2021;5(11):e33124

URL.: https://formative.jmir.org/2021/11/€33124

doi: 10.2196/33124

PMID:

https:/formative,jmir.org/2021/11/e33124 JMIR Form Res 2021 | vol. 5 | iss. 11 | €33124 | p. 14

RenderX

(page number not for citation purposes)


https://systematicreviewsjournal.biomedcentral.com/articles/10.1186/s13643-015-0066-7
http://dx.doi.org/10.1186/s13643-015-0066-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26073888&dopt=Abstract
http://dx.doi.org/10.14573/altex.1902131
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31113000&dopt=Abstract
https://nested-knowledge.com/
http://www.icmje.org/icmje-recommendations.pdf
http://europepmc.org/abstract/MED/27904419
http://dx.doi.org/10.21315/mjms2016.23.5.1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27904419&dopt=Abstract
http://dx.doi.org/10.1016/j.ijnurstu.2014.09.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25441757&dopt=Abstract
http://europepmc.org/abstract/MED/31984317
http://dx.doi.org/10.1093/jamiaopen/ooy012
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31984317&dopt=Abstract
https://f1000research.com/articles/10.12688/f1000research.51117.1/doi
http://dx.doi.org/10.12688/f1000research.51117.1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34408850&dopt=Abstract
https://www.ncbi.nlm.nih.gov/books/NBK25501/
https://www.ncbi.nlm.nih.gov/books/NBK25501/
http://dx.doi.org/10.4103/ijdr.ijdr_735_18
http://www.scielo.cl/scielo.php?script=sci_arttext&pid=S0370-41062019005001301&lng=en&nrm=iso&tlng=en
http://dx.doi.org/10.32641/rchped.v90i6.1145
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32186587&dopt=Abstract
https://www.npmjs.com/package/btriev/v/1.0.4
https://nested-knowledge.com/nest/qualitative/443
https://systematicreviewsjournal.biomedcentral.com/articles/10.1186/s13643-019-1074-9
http://dx.doi.org/10.1186/s13643-019-1074-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31296265&dopt=Abstract
http://dx.doi.org/10.1007/s10032-019-00317-0
https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(14)00221-4
http://dx.doi.org/10.1016/j.jbi.2014.10.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25445920&dopt=Abstract
https://formative.jmir.org/2021/11/e33124
http://dx.doi.org/10.2196/33124
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR FORMATIVE RESEARCH Holub et al

©Karl Holub, Nicole Hardy, Kevin Kallmes. Originaly published in IMIR Formative Research (https://formative.jmir.org),
24.11.2021. This is an open-access article distributed under the terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work, first published in IMIR Formative Research, is properly cited. The complete bibliographic information,
alink to the original publication on https://formative.jmir.org, aswell asthis copyright and license information must be included.

https:/formative,jmir.org/2021/11/e33124 JMIR Form Res 2021 | vol. 5 | iss. 11 | €33124 | p. 15

(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

