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Introduction

« Systematic reviews and meta-analyses are critical
for advancing practice, research, and policy (e.g.,
Schneider & Preckel, 2017; van de Schoot et al., 2021;
van Huizen & Plantenga, 2018).

» Understand teaching and learning processes
and to derive measures for an effective
educational system (Taylor & Hedges, 2023).

+ What works clearinghouses (Hedges, 2018).



Systematic Review
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John Hattie and his team needed 15 years to complete their
meta-analysis “visible learning” (Hattie, 2009).

An experienced reviewer can take between 30 seconds and 1

minute per reference (Przybyta, et al. 2017). //////////m



Machine I.earmng and
Literature Screemng

ASReview can help
researchers to find relevant
records by using screening
prioritization with active
learning.

Screening prioritization re-
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Integrating Al tools into
the Systematic Review

- Simulation studies in health sciences have shown
that the Al screening process within ASReview is
reliable and can save more than 90% of the time
compared to purely human-based screening (van

de Schoot et al., 2021).
« The performance of Al tools varies across

research domains (van de Schoot et al., 2021).

» Clear stopping rules need to be defined (Yu &
Menzies, 2019).




Stopping Rules

@ Statistic Approaches

The decision to stop screening is based on
deriving an estimate of the total number of
relevant papers within the initial training set
(e.g.; van Haastrecht et al.,, 2021).

Heuristic Approaches

. Data-driven (Ros et al., 2017).
. Time-based (Wallace et al.,, 2010).
.+ Mixed-data (Hamel et al.,, 2021).




| Research guestions

|. How do Al-based NLP algorithms perform with
respect to WSS and ETS on educational data

sets?

2. How do heuristic stopping criteria perform with
respect to recall, WSS, and ETS on educational

data sets?




Methodology

« The study used a systematic approach to

compare the accuracy, speed, and cost-

effectiveness of Al tools for abstract

. Data were collected
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analyzed using the ASReview software and R.

1\
I
i
{l

o



Journals in education and educational psychology.
o Campbell Reviews (n =17).
o Review of Educational Research ( n = 95).
o Educational Research Review (n = 83).
o Educational Psychology Review (n = 37).
Experts in the field (n = 84).
Total records sought for retrieval (n = 316).
Reports excluded (n = 12).
Total reports included (n = 28).




Sample

Descriptive statistics of databases included in the simulation studly.

Percentage of References

Text Screening
Anmarkrud, et al., (2022) 2550 230 8.5 %
Backfisch, et al., (2020) 2353 719 31.2 %
Capparozza, et al., (2021) 2739 171 6.5 %
Endedijk, et al., (2022) 4452 365 8.5 %
Filges, et al., (2018) 8065 374 4.1 %
Filges, et al., (2022) 16221 6429 9.8 9%
Fong, et al., (2021) 2471 199 8.7 %
Fiitterer, et al., (2023) 19497 44 0.2 %
Jager-Dengler-Harles, et al., (2020) 6798 1212 20.2 %
Kupers, et al., (2019) 3094 962 31.1%
Lesperance, et al., (2022) 8465 149 1.8 %
Neri & Retelsdorf, (2022) 686 115 16.8 %
Noetel, et al., (2022) 1368 86 58%
Pico & Woods, (2023) 30 14 46.7 %
Roberts, et al., (2022) 5065 168 3.3 9%
Rowan, et al., (2021) 416 209 50.1 %
Saqr, et al., (2022) 4581 1818 39.5 %




Method

» ASReview (van de Schoot et al., 2021)

R (R Core Team, 2022)

Feature Extraction Technique Classifier Model
Doc2Vec Naive Bayes (NB) LR + Doc2Vec
Sentence BERT (SBERT) Logistic Regression (LR) LR + SBERT
Term Frequency-Inverse Abstract Frequency (TF-IDF) Random Forest (RF) LR + TFIDF
Support Vector Machine (SVM) NB + TF-IDF
RF + Doc2Vec
RF + SBERT
RF + TF-IDF
SVM + Doc2Vec
SVM + SBERT

SVM + TF-IDF




Model Evaluation

Work Saved over Sampling (WSS@95%)

TP(irgs) + FP(iggs)

WSS@95% = 0.95 -

N
Przybyta et al., (2018)
Estimated time savings (ETS)
RN (i)* 0.5
ETS = 3 Gates et al,, (2019)

Recall and missed records

, TP(i) N TP (i) ‘
recall (i) = TPG) ¥ FNGD MR =1-(Grarma? Przybyta et al,, (2018)




Results &
Analysis




| Mode

| Evaluation

Model Mean Median SD Mean Median SD
(WSS@95%) (WSS@95%) (WSS@95%) (ETS@95%) (ETS@95%) (ETS@95%)
LR + Doc2Vec 49,9% 49,7% 20,8% 130 74 214
LR + SBERT 55,9% 57,1% 21,4% 140 77 221
LR + TFIDF 52,7% 55,9% 22,0% 137 77 224
NB + TF-IDF 49,7% 51,2% 22,6% 129 65 223
RF + Doc2Vec 49,4% 52,4% 19,9% 117 72 152
RF + SBERT 54,2% 59,4% 21,5% 137 83 220
RF + TF-IDF 47,9% 44,2% 20,7% 125 68 205
SVM + Doc2Vec 46,7% 43,0% 21,2% 126 67 211
SVM + SBERT 51,1% 50,5% 21,0% 131 58 203
SVM + TF-IDF 49,6% 53,0% 21,6% 130 73 221




| Model Evaluation
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Evaluation of heuristic criteria:
I Time-based Strategy

: Percentage Recall Recall Missed Records Missed Records ETS ETS

¢ reviewed (Mean) (SD) (Mean) (SD) (Mean) (SD)

D 10% 41% 5% 59% 5% 185 0
20% 62% 4% 38% 4% 164 0
30% 76% 3% 24% 3% 144 0
40 % 85% 2% 15% 2% 123 0
50% 91% 1% 9% 1% 103 0
60 % 94% 1% 6% 1% 82 0
70% 97% 0% 3% 0% 62 0
80 % 98% 0% 2% 0% 41 0
90 % 100% 0% 0% 0% 21 0
100 % 100% 0% 0% 0% 0 0
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Evaluation of heuristic criteria:
Data-based Strategy

Missed Missed
Percentage Recall Recall ETS ETS WSS WSS

Records Records
Irrelevant (Mean) (SD) (Mean) (SD) (Mean) (SD) (Mean) (SD)
1% 65% 8% 154 2 35% 8% 78% 2%
2% 81% 6% 133 3 19% 6% 63% 2%
3% 88% 3% 123 3 12% 3% 55% 2%
4% 91% 3% 115 4 9% 3% 51% 2%
5% 93% 2% 110 4 7% 2% 49% 2%
6 % 94% 1% 107 2 6% 1% 46% 2%
7% 96% 2% 105 3 4% 2% 44% 2%
8 % 96% 2% 103 3 4% 2% 43% 2%
9% 96% 2% 102 3 4% 2% 43% 2%
10 % 97% 2% 101 3 3% 2% 42% 2%




LR + Doc2Vec LR + SBERT LR + TFIDF NB + TF-IDF
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Evaluation of heuristic criteria:
Mixed Strategy

Missed Missed Missed

Mixed Recall Recall Recall Records Records Records WSS WS.S WSS
Strategy (Mean) (Median) (SD) (Mean) Rzt (SD) (Mean) (Median) (SD)
A 73% 83% 25% 27% 17% 25% 70% 81% 21%
B 93% 99% 18% 7% 1% 18% 44% 48% 29%
C 97% 100% 12% 3% 0% 12% 36% 38% 29%
D 81% 89% 19% 19% 11% 19% 65% 75% 18%
E 95% 99% 12% 5% 1% 12% 43% 48% 27%
F 98% 100% 9% 2% 0% 9% 35% 38% 28%
G 86% 91% 15% 14% 9% 15% 60% 68% 14%
H 96% 99% 10% 4% 1% 10% 41% 48% 25%
I 99% 100% 5% 1% 0% 5% 34% 37% 27%



» Performance of heuristic strategies
varies across models.

« Performance of the models varied
depending on the characteristics of
the databases and the screening
strategies employed.

o Positive correlations between
recall and the number of records.

o Negative correlation between
recall and the number of relevant
records.
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1. Using active learning for abstract screening
allows educational researchers to find relevant
records faster than random screening.

2. The performance of the heuristic strategy
varied depending on the characteristics of the
databases and the models used.

3. Future studies should evaluate statistical stopping
criterion to determine its performance.

4. It is important to examine how the performance of the
models and the stopping criteria changes once more
prior information is considered.
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