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Evaluating the quality of
artificial intelligence-produced
plain language summaries

To assess the quality of plain language
summaries (PLSs) produced by
generative artificial intelligence (Al)
versus medical writers (M\W/s)

Our research suggests Although evaluators generally considered
that, with appropriate Al- and M\W-produced PLSs to be of
prompting, generative similar quality, Al-produced PLSs were

Al tools can produce rated as significantly more accurate
high-quality PLSs This may be because accuracy was judged in relation
using abstracts from to each original abstract, and some M\¥/-produced
clinical articles PLSs contained information that was not included in

the original abstracts

1 | We searched PubMed on September 25, 4 | We developed evaluation forms - Mean total scores obtained from subjective evaluations were similar for M\W/- and Al-produced PLSs (Fig. 1A),
2023, for open access clinical articles that to assess 5 aspects of each PLS although Al-produced PLSs were rated significantly higher in accuracy (F[1,76]-4.496, P-0.037) (Fig. 1B)
were published in English from 2020 onward, (le, domains). completeness, accuracy,
included a PLS, and disclosed MW support; understandability for a lay audience, A .

/1 of the /8 articles that met these criteria clarity of language, and overall quality , X
: : 5 5 | |
were published by Future Science Group —ach domain was measured using a 5-point " " "
. _ikert scale, with higher scores indicatin 20= Eh
. We randomly selected 8 of the articles L J J
] ut S G , L petter evaluations; total scores (for all 5 __ __ 3
AQUMARRIEES C'e':]ce roupJourna.s 5 domains) could range from 5-25
andl prompted Bing Chat Enterprise 04 101 194 21 37 40 37 40 41 3g 40 38 37 38
(which uses GPT-4) to produce a PLS 5 | Forty OPEN Health staff completed
for each article based on their abstracts subjective evaluations of 4 PLSs each 29 Lo
The prompt s deveLOped by fOUO\X/iﬂg They were not informed that M\X/—produced 0 Total score 0 Completeness Accurac Understandabilit Clarit Overall qualit
prompt engineering guidance™; it included PLSs were included in the research ¥ ¢ g ¢ A
key elements from the Future Science Grou L . MW/-produced PLSs Al-produced PLSs
DLé ol P Overall, 160 subjective evaluations were P P
SligIStlSS conducted: each of the 40 reviewers (20 scientific "P<0.05 (assessed using 2-way ANOVA [two factors: PLS producer and reviewer background]). Data are mean (standard deviation).
and 20 nonscientific backaround) evaluated Al, artificial intelligence; MW, medical writer; PLS, plain language summary.
3| The existing MW-produced PLSs J
. 2 MW-produced and 2 Al-produced PLSs; each
were extracted from the 8 articles
¢ bl _ ot MW/-produced PLS (n=8) and Al-produced PLS NG sianificant int . ot ol S q (MW ve Al and , ack d (scientif
O enabile comparison petween (n=8) was evaluated by 10 different reviewers O Slg.ﬂl c?an INteraCtions petween Pro uc?er . VS gn rewewer .ac groun SCIe.ﬂ ITIC VS
MW/- and Al-produced PLSs nonscientific) were observed for any of the subjective evaluation domains (Fig. 2); however, in terms of
6 | Quantitative measures (including readability understandability for a lay audience, reviewers with a honscientific background rated PLSs significantly
scores) were recorded; inferential statistics higher than reviewers with a scientific background (F[1,76]=7.525; P-0.008)
(@nalyses of variance [ANOVA], t tests) were
calculated using Graphpad Prism 9.5.1
Total score Completeness Accuracy
25 ; - 57 __ 57
- Mean text statistics and readability scores for MW/- and Al-produced PLSs were similar (Table 1) 299 1l \ ] i
15 1 ) 3 3
10 - 185 18.8 19.8 20.0 2 36 41 38 40 2 34 41 39 40
Measures, MW-produced Al-produced P_value? 5 - 1 - 1 -
mean (standard deviation) PLSs (n=8) PLSs (n=8) 0 0 0
Scientific Nonscientific Scientific Nonscientific Scientific Nonscientific
Word count 287 (26.7) 252 (36.5) 0.119 Understandability for a lay audience Clarity of language Overall quality
*
57 | | 57 T 57 )
Complex words % 15.8 (2.8) 15.8 (4.1) 0.959 . ‘ . -- . ‘ ] ]
Passive voice sentences % 23.3 (14.1) 16.1 (5.0) 0.108 37 .. 37 __ : 37 :
24 39 35 43 41 24 39 3g 41 40 24 36 37 39 3.9
Flesch-Kincaid reading ease score® 49.4 (8.0) 52.1(10.3) 0.485 14 14 14
O — = O — = O — -
Flesch-Kincaid grade level score¢ 11.0 1.7) 101 (@1.5) 0210 Scientific Nonscientific Scientific Nonscientific Scientific Nonscientific
MW -produced PLSs Al-produced PLSs
Most measures were calculated using https./www.analyzemywriting.com/; https.//www.webfx.com/tools/read-able was used to calculate Flesch-Kincaid reading ease.
aAssessed using paired t tests. PBased on a ranking scale of 0-100; the higher the score, the easier to read. “/American school grade needed to comprehend the "P<0.01 (assessed using 2-way ANOVA). Data are mean (standard deviation). Reviewers with scientific versus nonscientific backgrounds were evenly split
material; the lower the score, the easier to read. (n=20 each), and each PLS was evaluated by an equal number of scientific and nonscientific reviewers.
Al, artificial intelligence; MW/, medical writer; PLS, plain language summary. Al, artificial intelligence; MW/, medical writer; PLS, plain language summary.
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