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Abstract

Interrogative suggestibility (IS) describes the extent to which an individual behavioral

response is affected by messages communicated during formal questioning within a closed

social interaction. The present study aimed at improving knowledge about IS in the elderly

(aged 65 years and older), in particular about its association with both emotive/affective and

cognitive variables. The sample (N = 172) was divided into three groups on the basis of age:

late adult (aged 55–64, N = 59), young elderly (aged 65–74, N = 63), and elderly (aged 75

and older, N = 50). Cognitive (i.e., Kaufman Brief Intelligence Test-2, Rey Auditory Verbal

Learning Test), emotive/affective (i.e., Rosenberg Self-Esteem Scale, Marlowe–Crowne

Social Desirability Scale, Penn State Worry Questionnaire) and suggestibility measures

(i.e., Gudjonsson Suggestibility Scale-2) were administered. In order to identify differences

and associations between groups in IS, cognitive and emotive/affective variables, ANOVAs

tests and Pearson’s correlations were run. Furthermore, moderation analyses and hierarchi-

cal regression were set to determine whether age, cognitive and emotive/affective variables

predicted IS components (i.e., Yield and Shift). Finally, machine learning models were

developed to highlight the best strategy for classifying elderly subjects with high suggestibil-

ity. The results corroborated the significant link between IS and age, showing that elderly

participants had the worst performance on all suggestibility indexes. Age was also the most

important predictor of both Yield and Shift. Results also confirmed the important role of non-

verbal intelligence and memory impairment in explaining IS dimensions, showing that these

associations were stronger in young elderly and elderly groups. Implications about interrog-

ative procedures with older adults were discussed.

Introduction

In 1919, McDougall [1] defined suggestion as “a process of communication resulting in the

acceptance with conviction of the communicated proposition in the absence of logically
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adequate grounds for its acceptance”. More recently, suggestibility is described as “a peculiar

state of mind which is favourable to suggestion” [2]. Specifically, it has been described as the

tendency to accept messages communicated during an interview in a way that influences one’s

behavior and answers [3]. Starting from Sidis’s above quote [2], Hilgard [4] clarified that “sug-

gestion” refers to an influential communication, while “suggestibility” refers to individual dif-

ferences in responding to suggestions under comparable circumstances.

Interrogative suggestibility (IS) is a specific kind of suggestibility that has been defined by

Gudjonsson and Clark [3] as “the extent to which, within a closed social interaction, people

come to accept messages communicated during formal questioning, as a result of which their

subsequent behavioral response is affected” (p.4). It is important to note that IS is a manifold

construct with cognitive (e.g., verbal and non-verbal IQ, memory), social, and interpersonal

(e.g., anxiety, social desirability, self-esteem) aspects [5, 6]. To improve knowledge about IS,

researchers have studied its association with IQ [7–11], verbal communication [12–14], anxi-

ety [15–18], depression [19, 20], social desirability [21], and self-esteem [22, 23]. All of these

variables have been found to correlate with suggestibility, validating the IS model [3]. Con-

cerning the relationship between IS and IQ, Gudjonsson [11] and Tully and Cahill [10]

reported a negative correlation between these constructs, finding low scores on IQ variables to

be associated with higher scores on suggestibility. Gudjonsson [18] also analyzed the relation-

ship between anxiety and IS, finding that high levels of trait anxiety were associated with high

levels of suggestibility. Furthermore, in the study of Baxter, Jackson, and Bain [23], all IS

indexes were found to be significantly higher in participants scoring low in self-esteem.

IS plays a significant role in explaining the reliability of eyewitnesses—particularly, whether

distortions caused by misleading questions affect eyewitness memory and testimony [3, 24].

This is an important construct to study in legal contexts, since eyewitness testimony is one of

the most important sources of information in a trial [25]. Due to the obvious challenges relat-

ing to children’s recollection and their tendency to report fewer details to forensic interviewers

[5], IS has been studied in children [12–14] and adolescents [9, 26], with some studies compar-

ing IS in children to that of adults [7, 8, 27]. Other studies [7, 8, 27–32] have investigated IS in

adults, while very few have analyzed IS in the elderly. In addition to there being an increasing

number of senior citizens across nations [33], the elderly are also remaining actively involved

in society for longer than they were in the past, and they are thus more likely to appear in legal

contexts as victims or eyewitnesses to a crime. Therefore, although the elderly are at high risk

for victimization and fraud—considering their impaired memory and increased susceptibility

to leading questions and misinformation during interviews [34–39]—to the best of our knowl-

edge, only three studies have investigated IS in this population [28–30].

Polczyk and colleagues [30] recruited 109 participants and divided them into two groups:

66 young adults (M age = 22.3, SD = 3.3, range: 18–35) and 43 older adults/elderly

(M age = 64.1, SD = 9.5, range: 49–88). They then compared these groups on IS, as measured

by the Gudjonsson Suggestibility Scale Version 2 (GSS-2) [31, 40–42]. The results showed that

older participants scored higher on the GSS-2 Yield scale, but not the Shift scale. Furthermore,

memory performance, as assessed by the Wechsler Memory Scale (WMS) [43] and the Mem-

ory Assessment Clinics Self-Rating Scale (MAC-S) [44, 45], seemed to have little influence on

Shift scores, but were significant predictors of Yield scores.

Mueller-Johnson and Ceci [29] submitted 113 participants—62 college students

(M age = 20.2, SD = 1.12, range: 18–20) and 51 elderly participants (M age = 76.4, SD = 7.85,

range: 65–93)—to various relaxation techniques, such as body massage and aromatherapy.

Afterwards, they provided misleading information to half of each group and compared partici-

pants’ recollection in repeated interviews. In doing so, they administered the Logical Memory

subscale of the Wechsler Memory Scale (WMS) [43], the Vocabulary subscale of the Wechsler
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Adult Intelligence Scale Revised (WAIS-R) [46], the NEO-Five Factor Inventory (NEO-FFI)

[47, 48], the Memory Functioning Questionnaire (MFQ) [49, 50], the GSS [31, 40–42], and the

Gudjonsson Compliance Scale (GCS) [51]. The results highlighted an overall tendency for

older participants to be more easily influenced by suggestive questions than younger partici-

pants, but no statistics were reported in relation to the GCS, “due to space restrictions” [29].

Dukala and Polczyk [28] compared 42 young adults (M age = 23, SD = 2.77; range: 16–29)

with 41 young elderly people (M age = 66.82, SD = 2.17; range: 64–74). The 83 participants

were randomly assigned to two experimental conditions that were differentiated according to

interviewer behavior: friendly versus abrupt. They administered the GSS-2 [31, 40–42], the

Memory Assessment Clinics Self-Rating Scale (MAC-S) [44, 45], the Mini-Mental State Exam-

ination (MMSE) [52], and a questionnaire requiring 5-point (1–5) Likert scale ratings on 18

aspects of the interviewer’s manner. The results showed that, when assigned to the first condi-

tion, young elderly people scored higher than young adults on the Yield scale and scored simi-

larly on the Shift scale. However, when the interviewer behaved in an abrupt/unfriendly

manner, young elderly participants scored higher on the Shift scale compared to young adults.

Therefore, the second experimental condition seemed to increase uncertainty and reduce the

memory of young elderly people, demonstrating in turn a relationship between age and sug-

gestibility. Self-appraisal of memory was related to both age and interviewer behavior, and

there was a tendency for elderly subjects to change answers after receiving negative feedback.

These findings suggest that a friendly manner should be adopted when questioning elderly

witnesses.

However, the samples of these studies were relatively young (M age = approximately 65

years) and not split into age classes. Furthermore, none of the three studies reported above

engaged in a deep analysis of the ways in which IS variables might correlate with emotive/

affective measures to further influence suggestibility [17, 18, 21, 22].

The main purpose of the present research was to promote knowledge about IS in older per-

sons (aged 65 years and older)—and, in particular, the way in which IS is influenced by age—

paving the way for a deeper conversation about the use of interrogative procedures with older

adults. Furthermore, the study aimed at investigating the associations between IS and both

emotive/affective and cognitive variables.

Specifically, following the results of the quoted research, we hypothesized:

1. elderly participants would show the worst performance on GSS-2 indexes, with higher

scores on Yield and Shift scales and lower scores on Immediate Recall and Delayed Recall

scales;

2. late adult, young elderly, and elderly groups would show significant negative correlations

between Yield scores and cognitive variables, such as verbal and non-verbal intelligence (as

measured by the KBIT-2 V and NV), memory (IR and DR RAVLT) and Immediate Recall

(IR) and Delayed Recall (DR) scales of GSS-2;

3. late adult, young elderly, and elderly groups would show significant correlations between

Shift scores and emotive/affective variables: positive between Shift scores, worry (as mea-

sured by PSWQ) and social desirability (MCSDS); and negative between Shift scores and

self-esteem (SES).

4. age groups (late adult, young elderly, and elderly) would moderate the relationship between

cognitive variables (KBIT-2 V and NV; IR and DR RAVLT; IR GSS-2 and DR) and Yield

scores, as well as the relationship between emotive/affective variables (PSWQ, MCSDS, and

SES) and Shift scores. All the relationships will be stronger for young elderly and elderly

groups;

PLOS ONE Suggestibility in elderly

PLOS ONE | https://doi.org/10.1371/journal.pone.0241353 November 16, 2020 3 / 23

https://doi.org/10.1371/journal.pone.0241353


5. age and cognitive variables (KBIT-2 V and NV; IR and DR RAVLT; IR GSS-2 and DR)

would significantly affect Yield scores as well as age and emotive/affective variables (PSWQ,

MCSDS, and SES) would significantly affect Shift scores among all age groups.

To increase replicability, the present research included behavioral prediction as well as sta-

tistical analysis. This served to verify that the proposed model was capable of predicting

behavioral outcomes. Use of 10-fold cross-validation reduces variance in the model perfor-

mance estimation [53, 54].

6. Finally, we used machine learning (ML) to validate a model to predict whether a subject

had high or low suggestibility (defined as high vs. low GSS-2 Total Suggestibility score, high

vs. low Shift score, or high vs. low Yield score), using cognitive and emotive/affective vari-

ables as predictors.

Materials and methods

Participants

The participants were 200 volunteers who participated in the study for a small reward (Euro-

pean breakfast in a cafe). The sample was comprised of 100 men and 100 women who were all

European and aged 55–90 years. They were recruited from senior citizen centers (i.e., centers

offering daily individual and group recreational activities for elderly people) based in Rome,

Florence, Naples, and L’Aquila. The inclusion criteria were: (a) no history of neurological or

psychological/psychiatric disorder, (b) an MMSE [51] score equal or superior to the age cor-

rected score of 27, and (c) no major life events (e.g., grief or car accident) experienced in the

previous 6 months. Data were collected from March 2016 to September 2018 by two interview-

ers—psychology graduates who had been formally trained in administering the GSS-2. One

interviewer recruited subjects in Rome and Naples, while the other recruited in Florence and

L’Aquila. No differences between the results on IS obtained by the two researchers were

observed. Twenty-eight participants (14%) were excluded from the analysis for one or more of

the following reasons: (a) an MMSE score below 27 (N = 21), (b) one or more major life events

experienced (N = 1), and (c) a history of neurological or psychological/psychiatric disorder

(N = 6). The remaining 172 participants (M age = 68.49; SD = 8.69; 94 women and 78 men)

comprised the three research groups: late adult (aged 55–64 years), young elderly (aged 65–74

years), and elderly (aged 75–86 years). An overall linear relationship between years of educa-

tion and age group was found, although a statistically significant difference was observed only

between the late adult group and the other two groups (Table 1). The three groups did not dif-

fer in gender [χ2 (2) = .033, p = .983]. The study was carried out with written informed consent

from all subjects, in accordance with the Declaration of Helsinki. It was approved in 2015 by

the local ethics committee (Board of the Department of Human Neuroscience, Faculty of Med-

icine and Dentistry, Sapienza University of Rome).

Table 1. Descriptive statistics of the three groups.

Late adult Young elderly Elderly

55–64 years 65–74 years 75–85 years

(N = 59) (N = 63) (N = 50)

Age years 59.64 (2.79) 69.10 (3.01) 78.14 (2.60)

Education years 11.20 (3.82) a 8.56 (3.59) b 7.02 (2.50) b

Note: For each line, different letters indicate a significant difference between columns; F(2, 169) = 21.40, p = <.001.

https://doi.org/10.1371/journal.pone.0241353.t001
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Materials and procedures

The test administration was split into two sessions. In the morning, participants completed

individually: (a) the consensus form, (b) the anamnestic questionnaire, (c) the cognitive mea-

sures (MMSE, KBIT-2, and RAVLT), and (d) the emotive/affective measures (SES, MCSDS,

and PSWQ). In the afternoon, they were administered the GSS-2. During the 50-minute

interim, participants engaged in the senior citizen center’s regularly scheduled afternoon

snack break. The MMSE was used only as an inclusion/exclusion criterion and was not consid-

ered in the data analyses.

Cognitive measures. Mini Mental State Examination (MMSE) [52]. The MMSE is a

30-item questionnaire that is used extensively in clinical and research settings to measure cog-

nitive impairment. Commonly, it is used in medical and clinical settings to screen for demen-

tia. Administration of the test takes 5–10 minutes, and it examines functions including

registration (the ability to repeat named prompts), attention and calculation, recall, language,

the ability to follow simple commands, and orientation [55]. In the present study, a cut-off of

27 was used to distinguish subjects with suspected cognitive impairment [56].

Kaufman Brief Intelligence Test-2 (KBIT-2) [57]. The KBIT-2 is a brief intelligence test that

takes approximately 15–20 minutes to administer. It measures an individual’s verbal (via

vocabulary subtests) and non-verbal (via matrices subtests) intelligence. The verbal subtests

measure crystallized ability and the non-verbal subtests measure fluid reasoning. There are

three scores for the KBIT-2 test: Verbal (V), Non-Verbal (NV), and Composite IQ. The pres-

ent study used the first two measures (i.e., KBIT-2 V, KBIT-2 NV) of the Italian version of the

test [58], which showed good internal consistency: verbal IQ α = 0.91; non-verbal IQ α = 0.93.

Rey Auditory Verbal Learning Test (RAVLT) [59]. The RAVLT is a well-recognized measure

of a subject’s ability to encode, combine, store, and recover verbal information in different

stages of immediate memory. The test is designed as a list-learning paradigm, whereby a list of

15 words (List A) is presented and the subject is asked to recall as many words from the list as

possible (testing immediate recall [IR]). After five repetitions of free recall, a second “interfer-

ence” list of words (List B) is administered and the participant is asked to recall as many words

from List B as possible. After the interference trial, the participant is asked to recall words

from List A (testing delayed recall [DR]). After a 20-minute delay, the participant is asked to

again recall words from List A. The present study used the Italian version of the test [60],

which showed sufficient internal consistency (α = .76). Raw scores were corrected for age and

years of education.

Emotive/affective measures. Rosenberg Self-Esteem Scale (SES) [61]. The SES is a 10-item

scale that investigates global self-worth by measuring both positive and negative feelings about

oneself. The scale has been described as unidimensional and all of the items are rated on a

4-point Likert scale ranging from 1 (strongly agree) to 4 (strongly disagree). The SES is widely

used for evaluating self-esteem, with high scores suggesting high self-esteem. Example items

include: “On the whole, I am satisfied with myself” and “I take a positive attitude toward

myself.” Several studies have shown the SES to demonstrate good psychometric properties

[62]. The present study used the Italian version of the SES, which was shown to have good

internal consistency (α = .84) [63].

Marlowe–Crowne Social Desirability Scale (MCSDS) [64]. The MCSDS consists of 33 true/

false items selected to have socially desirable content and a low probability of occurrence. Par-

ticipants respond to each item by indicating whether it is true or false. An example item is: “I

never hesitate to go out of my way to help someone in trouble.” High scores reveal that the sub-

ject tends to present him/herself in an unrealistically favorable manner. The MCSDS scale

scores were shown to demonstrate an internal reliability coefficient of .88 in a sample of
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undergraduate students, and high concurrent validity, as established through correlations with

the MMPI validity scales [61]. The present study used the Italian version of the MCSDS, which

was shown to demonstrate good internal consistency (α = .81) [65].

Penn State Worry Questionnaire (PSWQ) [66]. The PSWQ consists of 16 items regarding

problematic worries that individuals might apply to themselves. Example items include: “Once

I start worrying, I cannot stop” and “I do not tend to worry about things.” All items are rated

on a 5-point Likert scale ranging from 1 (not at all like me) to 5 (very much like me). The

PSWQ has undergone extensive psychometric evaluation and is generally accepted as a reliable

and valid measure of problematic worry [67, 68]. The present study used the Italian version of

the MCSDS, which was demonstrated to show good internal consistency (α = .84) [69].

Suggestibility measure. Gudjonsson Suggestibility Scale-2 (GSS-2) [31, 40–42]. The GSS-2

entails a short interrogation procedure, during which the participant is asked to listen to a

brief story and answer questions that mimic social pressure. In the present study, the scale was

administered as follows [42]: first, the interviewer read a short story out loud (180 words with

40 significant details) at a fairly slow pace. The subject then had to recall as much as possible

about the story (testing IR). Following a 50-minute retention interval, the subject was again

asked to recall anything about the story (testing DR). Finally, the interviewer administered a

series of 20 questions (including 15 misleading questions) twice; between the series, he or she

gave the subject explicit negative feedback on their performance. Of the 15 misleading ques-

tions, 5 were true/false, 5 were forced (with both alternatives false), and 5 were inductive (plau-

sible but leading questions because the story did not provide the answers). The data obtained

scores for IR, reflecting the number of distinct ideas (range: 0–40) recalled immediately after

the story was read; DR, reflecting the number of distinct ideas recalled after the pause for

retention (range: 0–40); Yield 1, the extent to which subjects gave in to the 15 specific ques-

tions before receiving negative feedback (range: 0–15); Yield 2, the extent to which subjects

gave in to the 15 specific questions after receiving negative feedback (range: 0–15); Shift, the

number of distinct response changes to the 20 questions after receiving negative feedback

(range: 0–20); and Total Suggestibility, the sum of Yield 1 and Shift scores (range: 0–35). The

GSS-2 scales have been shown to demonstrate good reliability and validity [70, 71]. The pres-

ent study used the Italian version of the test, which showed good internal consistency for all

indexes and age groups reported [72]. In the present study, the GSS-2 was used to enable com-

parisons with previous studies that have investigated suggestibility in the elderly [28–30].

Data analysis

To verify our first hypothesis, univariate analysis of variance (ANOVAs) tests were run to

identify differences between the three groups (late adult, young elderly, and elderly)—which

were treated as independent variables—in Interrogative Suggestibility (Total Suggestibility;

Yield; Shift), cognitive variables (DR GSS-2 and IR; DR and IR RAVLT; KBIT-2 NV and V)

and emotive/affective variables (SES; PSWQ; MCSDS), controlling for years of education. In

testing our second and third hypotheses, Pearson’s correlation coefficients (r) were calculated

to study the associations between Yield scores, Shift scores, and cognitive and emotive/affec-

tive variables.

To prove our fourth and fifth hypotheses, moderation analyses and hierarchical regressions

were run, respectively. To estimate the impact of the cognitive variables on Yield and the

impact of emotive/affective variables on Shift according to the different age groups, modera-

tion models were run using PROCESS version 3.5 [73], as developed by Preacher and Hayes

[74] for SPSS, version 25 (IBM, Armonk, NY). A moderator variable is one in which the rela-

tionship between the independent and the dependent variable changes across moderator
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levels, and it is included in statistical models as an interaction term. To assess moderation

effects, the relationship between the independent and dependent variable must be significantly

different at various levels of the moderator variable [75]. Considering PROCESS model tem-

plates [76], we tested a moderation model (Model 1) to explore the moderated effect of age

groups on the direct effect of each cognitive variables on Yield and of each emotive/affective

variables on Shift, each time controlling for all the others variables. Two separate hierarchical

regression models were run to determine the best predictors for Yield and Shift scores, respec-

tively. The first used Yield score as a dependent variable, while the second considered Shift

score as a dependent measure. As regards the first model, age and gender were entered in step

1, cognitive variables in step 2, and emotive/affective measures in step 3. For the second

model, age and gender were inserted in step 1; MCSDS, SES, and PSWQ in step 2; and DR and

IR RAVLT, KBIT-2 V and NV, and IR GSS-2 and DR in step 3.

Finally, ML models were developed to highlight the best strategy for indexing elderly sub-

jects with high suggestibility. ML is a branch of artificial intelligence that enables highly accu-

rate predictions to be made with respect to subject classification. It has recently been

introduced in the analysis of real-world datasets [77, 78], including human genetics data [79]

and cognitive sciences data [80], as it outperforms traditional statistical methods in terms of

model complexity and classification accuracy. For this reason, the present study included ML

analysis of the collected data, using WEKA 3.9.

Results

Between groups comparison (ANOVAs)

As reported in Table 2, the elderly group demonstrated the worst performance on all GSS-2

variables. In more detail, ANOVAs showed a significant difference with a medium effect size

between late adult, young elderly, and elderly groups on GSS-2 measures of Total Suggestibil-

ity, Yield, IR, and DR. With respect to Shift scores, the only significant difference was found

between the elderly group and the other two groups, with elderly subjects showing the worst

performance.

The ANOVAs also showed a non-significant effect on all cognitive and emotive/affective

variables (IR RAVLT, DR RAVLT, KBIT-2 NV, KBIT-2 V, SES, PSWQ, and MCSDS) between

groups.

Correlation analysis

Pearson’s correlation analyses (Table 3) showed that Yield scores were significantly negatively

correlated with all cognitive variables (IR GSS-2 and DR; IR and DR RAVLT; KBIT-2 NV and

V) in all age groups, with the exception of IR and DR RAVLT in the late adult group. With

regard to Shift scores, the results showed negative correlations with SES and positive correla-

tions with PSWQ in all three groups. Finally, positive correlations between Shift scores and

MCSDS were found in the late adult and young elderly groups, whereas no significant correla-

tion between these factors was found in the elderly group. The magnitude of the correlation

coefficients seems to be different in the three groups: this motivated the choice to use age

groups as a moderator in the subsequent regression.

Table A1 in S1 Appendix shows correlation coefficients (Pearson’s r) between Yield score

and emotive/affective variables; between Shift score and cognitive variables; and between Total

Suggestibility score and both cognitive and emotive/affective variables. Table A2 in S1 Appen-

dix, instead, shows correlation coefficients (Pearson’s r) between GSS-2 (IR and DR) and (IR

and DR) RAVLT, respectively.
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Table 2. Between groups comparison (ANOVAs).

Late adult Young elderly Elderly F p parη2

55–64 65–74 over 75

M (SD) M (SD) M (SD)

N = 59 N = 63 N = 50

Interrogative suggestibility variables

GSS-2 Total Suggestibility 7.49 (5.92) a 11.30 (5.70) b 15.62 (6.74) c 24.08 <.001 .222

GSS-2 Yield 4.25 (2.96) a 6.81 (3.30) b 8.56 (3.70) c 23.72 <.001 .219

GSS-2 Shift 3.24 (3.52) a 4.49 (3.08) a 7.22 (3.67) b 18.96 <.001 .183

Cognitive variables

DR GSS-2 17.76 (6.45) a 14.33 (6.16) b 10.84 (5.42) c 17.69 <.001 .173

IR GSS-2 20.63 (6.53) a 17.51 (6.26) b 13.84 (4.85) c 17.39 <.001 .171

DR RAVLT 11.21 (2.73) a 10.20 (2.97) a 10.24 (2.70) a 2.40 .094 .028

IR RAVLT 44.14 (7.56) a 42.87 (8.22) a 41.30 (6.26) a 1.95 .145 .023

KBIT-2 NV 99.76 (17.94) a 91.32 (27.71) a 92.26 (19.87) a 2.49 .086 .029

KBIT-2 V 103.66 (14.82) a 99.08 (16.17) a 98.54 (15.99) a 1.85 .160 .021

Emotive / affective variables

SES 23.42 (4.35) a 22.21 (3.69) a 21.62 (4.26) a 2.81 .063 .032

PSWQ 40.52 (17.42) a 45.36 (17.17) a 47.02 (16.71) a 2.18 .116 .025

MCSDS 21.41 (6.26) a 21.86 (4.32) a 23.06 (3.55) a 1.62 .200 .019

Note: GSS-2: Gudjonsson Suggestibility Scale-2; IR: Immediate Recall; DR: Delayed Recall; KBIT-2: Kaufman. Brief Intelligence Test-2; RAVLT: Rey Auditory Verbal

Learning Test; SES: Rosenberg Self-Esteem Scale; MCSDS: Marlowe–Crowne Social Desirability Scale; PSWQ: Penn State Worry Questionnaire. For each line, different

letters indicate a significant difference between columns.

https://doi.org/10.1371/journal.pone.0241353.t002

Table 3. Correlation coefficients (Pearson’s r) between GSS-2 Yield and Shift scores and cognitive and emotive/

affective variables, respectively.

Late adult Young elderly Elderly

55–64 65–74 over 75

M (SD) M (SD) M (SD)

N = 59 N = 63 N = 50

Yield

DR GSS-2 -.553�� -.476�� -.494��

IR GSS-2 -.575�� -.502�� -.409��

DR RAVLT -.228 -.611�� -.520��

IR RAVLT -.177 -.448�� -.302�

KBIT-2 NV -.391�� -.565�� -.554��

KBIT-2 V -.562�� -.588�� -.407��

Shift

SES -.394�� -.404�� -.548��

PSWQ .368�� .321� .579��

MCSDS .370�� .550� -.108

Note:

� p < .05;

�� p < .01.

https://doi.org/10.1371/journal.pone.0241353.t003
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Moderation analyses

Six different moderation models, one for each cognitive variable (KBIT-2 V and NV; IR and

DR RAVLT; IR GSS-2 and DR), were examined setting Yield score as the dependent variable.

Age groups (late adult, young elderly, elderly) was the moderator. Furthermore, three more

moderation models, one for each emotive/affective variable (PSWQ, MCSDS, and SES), were

examined setting Shift score as the dependent variable and age groups as the moderator. In

each of nine moderation models the others eight variables, both cognitive and emotive/affec-

tive, were inserted as covariates.

Not significant interactions were found in moderation models using DR GSS-2, IR GSS-2,

IR RAVLT and KBIT-2 V as the dependent variable and Yield as the outcome measure and

using SES and PSWQ in moderation models with Shift as the dependent variable. Results

showed significant interaction effects in moderation models using DR RAVLT and KBIT-2

NV as the dependent variable and Yield as the dependent measure and using MCSDS with

Shift as the dependent variable (Table 4).

Figs 1, 2 and 3 showed the simple slope analyses with the moderating effect of age groups

on the relationship between DR RAVLT and Yield (Fig 1), KBIT-2 NV and Yield (Fig 2) and

between MCSDS and Shift (Fig 3).

Age over 75 years (elderly) had an impact on the relationship between DR RAVLT, KBIT-2

NV and Yield. This finding suggests that to be elderly facilitates a negative relationship

between the memory and non-verbal intelligence, as measured by DR RAVLT and KBIT-2

NV, and Yield. Furthermore, the negative relationship between social desirability (i.e.

MCSDS) and Shift was stronger for those aged between 65–74 (young elderly).

Regression analysis

A three-step hierarchical multiple regression analysis with the enter method was conducted

with Yield score as the dependent variable. Age and gender were entered in step 1 of the

regression. Cognitive variables (IR GSS-2 and DR; DR and IR RAVLT; KBIT-2 NV and V)

were entered in step 2, and emotive/affective measures (SES; PSWQ; MCSDS) were entered in

step 3. The variables were introduced in this order, as Yield score seemed more affected by age

and cognitive factors (Table 5).

The hierarchical multiple regression revealed that, at step 1, age contributed significantly to

the model, F (2,169) = 17.44, p< .001, accounting for 17% of the variation in Yield scores.

Introducing the cognitive variables explained an additional 42% of the variation in Yield

scores, and this change in R2 was significant, F (8,163) = 29.27, p< .001. Finally, adding emo-

tive/affective measures to the regression model explained an additional 4% of the variation in

Yield scores, and this change in R2 was also significant, F (11,160) = 24.68, p< .001. When all

11 independent variables were included in step 3, the predictive values of gender, IR GSS-2

and DR, and MCSDS were all non-significant. The most important predictors of Yield score

were age, IR RAVLT, and KBIT-2 NV, which explained 24%, 24%, and 23% of the variation in

Yield scores, respectively. Together, the 11 independent variables accounted for 60% of the

variance in Yield scores.

Following this analysis, a three-step hierarchical multiple regression with the enter method

was conducted with Shift score as the dependent variable. Age and gender were entered in step

1, emotive/affective measures (SES; PSWQ; MCSDS) were entered in step 2, and cognitive var-

iables (IR GSS-2 and DR; DR and IR RAVLT; KBIT-2 NV and V) were entered in step 3. The

variables were introduced in this order because Shift score seemed more affected by age and

emotive/affective factors (Table 6).
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The hierarchical multiple regression revealed that, at step 1, age contributed significantly to

the model, F (2,169) = 12.55, p< .001, accounting for 13% of the variation in Shift scores.

Introducing the emotive/affective variables explained an additional 23% of the variation in

Shift scores, and this change in R2 was significant, F (5,166) = 18.72, p< .001. Finally, adding

cognitive measures to the model explained an additional 14% of the variation in Shift scores,

Table 4. Regression coefficients for moderation models with interactions effects between cognitive and emotive/

affective variables and age groups.

Dependent variable: Yield b SE t p
DR GSS-2 .026 .079 .330 .742

DR GSS-2 x young elderly .-.033 .072 -.455 .650

DR GSS-2 x elderly -.133 .081 -1.646 .102

R2 = .64 F(13, 158) = 21.380���

IR GSS-2 -.108 .078 -1.385 .168

IR GSS-2 x young elderly -.034 .071 -.472 .638

IR GSS-2 x elderly -.077 .086 -.897 .371

R2 = .63 F(13, 158) = 20.961���

DR RAVLT -.071 .145 -.487 .627

DR RAVLT x young elderly -.109 .164 -.665 .507

DR RAVLT x elderly -.407 .185 -2.201 .029

R2 = .64 F(13, 158) = 21.901���

IR RAVLT .173 .054 3.225 .002

IR RAVLT x young elderly -.051 .060 -.855 .394

IR RAVLT x elderly -.129 .074 -1.749 .082

R2 = .64 F(13, 158) = 21.430���

KBIT-2 NV -.011 .019 -.599 .550

KBIT-2 NV x young elderly -.024 .022 -1.081 .281

KBIT-2 NV x elderly -.052 .025 -2.062 .041

R2 = .64 F(13, 158) = 21.683���

KBIT-2 V -.042 .023 -1.873 .063

KBIT-2 V x young elderly -.004 .029 -.137 .891

KBIT-2 V x elderly -.005 .031 -.168 .867

R2 = .63 F(13, 158) = 20.798���

Dependent variable: Shift b SE t p
SES -.094 .092 -1.015 .312

SES x young elderly -.012 .127 -.096 .923

SES x elderly -.140 .125 -1.119 .265

R2 = .53 F(13, 158) = 13.652���

PSWQ .050 .021 2.324 .021

PSWQ x young elderly -.046 .029 -1.562 .120

PSWQ x elderly .028 .031 -.866 .388

R2 = .54 F(13, 158) = 14.347���

MCSDS .069 .059 1.169 .244

MCSDS x young elderly -.219 .098 -2.233 .027

MCSDS x elderly -.203 .123 -1.654 .100

R2 = .54 F(13, 158) = 14.404���

Note:

��� p < .001. Covariates’ coefficients are not shown.

https://doi.org/10.1371/journal.pone.0241353.t004
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and this change in R2 was also significant, F (11,160) = 14.60, p< .001. When all 11 indepen-

dent variables were included in step 3, gender, MCSDS, IR GSS-2 and DR, IR and DR RAVLT,

and KBIT-2 V were all found to be non-significant predictors of Shift score. The most impor-

tant predictors of Shift score were age and KBIT-2 NV, which explained 22% and 23% of the

variation in Shift scores, respectively. Together, the 11 independent variables accounted for

47% of the variance in Shift scores.

In the following analyses, suggestibility was divided into two subgroups of high and low

suggestibility. Rather than addressing the correlation with test scores, the classification of sub-

jects into high and low suggestibility groups was investigated, leading to a determination of the

diagnostic conditions of high suggestibility.

Machine learning models

In the last years, there is increasing interest in complementing the statistical explanatory

approach with a prediction approach [53, 81]. For this reason, the present study tested the

accuracy of the variables highlighted in the previous section by applying appropriate ML mod-

els to identify the overall predictive accuracy of suggestibility indexes on the basis of cognitive

and emotive/affective variables. The final goal of using ML is to find a model that best general-

izes to new unseen data, avoiding data overfitting. Indeed, compared to the traditional analy-

sis, ML introduces a series of strategies to improve generalization and reduce overfitting, such

as the cross-validation technique. Moreover, being a data driven approach, ML allows the

automated selection of features (feature engineering), squeezing as much predictive power as

possible out of a model, using whichever combination of features does that. Finally, ML gives

Fig 1. Simple slope analyses with the moderating effect of age groups on the relationship between DR RAVLT and Yield.

https://doi.org/10.1371/journal.pone.0241353.g001
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the opportunity to use complex algorithms to identify tricky relations in the data, classifying

also non-linear separable data.

As a preliminary step, the original sample of participants was split into two groups of high

and low suggestibility, on the basis of their GSS-2 Total Suggestibility scores (Yield+Shift

scores). The lowest scoring 51 participants (out of the total 172) comprised the low suggestibil-

ity group while the highest scoring 52 participants (out of the total 172) comprised the high

suggestibility group. Average Yield, Shift, and Total Suggestibility scores of the low and high

suggestibility groups are reported in Table 7.

A correlation-based analysis was conducted to investigate the relative contribution of each

independent variable [53]. A preliminary analysis indicated that the GSS-2 Total Suggestibility

score (high vs. low) was most strongly associated with KBIT-2 NV (0.72), IR GSS-2 (0.65),

KBIT-2 V (0.64), and DR GSS-2 (0.63). However, given the high correlations (rpb) found

between the independent variables within the sample, all independent variables were included

in the analysis. Finally, ML algorithms were trained using a 10-fold cross-validation procedure,

as follow: first, the sample of participants was randomly partitioned into 10 equal subsamples.

One of the 10 subsamples was retained as the validation set for model testing and the remain-

ing 9 subsamples were used as training sets. This cross-validation process was recursively

repeated 10 times. Finally, the 10 results from the folds were averaged to produce a single esti-

mate of classification accuracy. The accuracies obtained by the four ML classifiers (Logistics,

Naïve Bayes, SVM, and Random Forest) trained on the dataset of high and low suggestibility

participants fell in the range of 86–90% (Table 8). It should be noted that the classification

accuracies were stable across different classifiers, showing that the results did not depend on

Fig 2. Simple slope analyses with the moderating effect of age groups on the relationship between KBIT-2 NV and Yield.

https://doi.org/10.1371/journal.pone.0241353.g002
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the specific assumptions made by each model. In fact, the five classifiers were representative of

differing underlying classification strategies.

Results from ML models (such as those reported above) are often difficult to interpret.

Indeed, in the present study, the precise mechanics that yielded the algorithm that categorized

participants into groups was unclear. For this reason, to better understand the decision rules

on which the classification results were based, the most accurate diagnostic decision rule of the

10 ML models was identified using the OneR algorithm, as implemented in WEKA 3.9 [54].

This algorithm showed that the most accurate diagnostic classification rule placed subjects in

the high suggestibility group on the basis of a IR GSS-2 score equal to or less than 18.5

(L = 0.19; H = 0.8) and in the low suggestibility group on the basis of a score higher than 18.5

(L = 0.98; H = 0.02). This rule correctly classified 85 (out of 103) subjects, generating an accu-

racy of 82% and an AUC value of .83.

Table 8 reports the classification accuracy and other relevant metrics. The reported classifi-

ers belong to different classes and are reported in order to index that the high accuracy did not

result from specific assumptions.

Finally, two separate analyses were conducted on Shift and Yield scores, respectively. Simi-

larly to the previously reported analyses, high (n = 50) versus low (n = 50) Shift scoring partici-

pants were analyzed. Shift score showed maximum correlation with IR GSS-2 (0.6457), DR

GSS-2 (0.59), KBIT-2 NV (0.5758), and SES (0.51). An interpretable classifier, OneR, correctly

classified 85 out of 101 instances according to the following rule: if IR GSS-2< 20, then high

Shift score (else low Shift score). The least accurate classifier was generated by Logistics (79%)

and the highest was generated by Naïve Bayes (88%).

Fig 3. Simple slope analyses with the moderating effect of age groups on the relationship between MCSDS and Shift.

https://doi.org/10.1371/journal.pone.0241353.g003
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The corresponding analysis of Yield scores (contrasting 50 high with 50 low Yield scoring

participants) showed that the highest correlations were with KBIT-2 NV (0.69), DR GSS-2

(0.66), IR GSS-2 (0.66), and KBIT-2 V (0.6). Again, a single interpretable decision rule (if IR

GSS-2< = 20.5, then high Yield score [else low Yield score]) correctly classified 83% of the

instances.

Taken together, the ML analysis indicated that IR GSS-2 correctly classified more than 80%

of the participants. This classification accuracy regarded Total Suggestibility, Shift, and Yield

scores. Thus, in general, indices of memory performance (IR GSS-2) and cognitive level

(KBIT-2 V) may be used to predict—with high accuracy—the suggestibility of elderly persons.

Discussion

In order to improve knowledge about IS in the elderly, the present study investigated suggest-

ibility in the elderly compared to younger adults. The results showed a progressive decline in

suggestibility, with older participants more suggestible compared to the late adult and young

elderly groups.

The results confirmed the first hypothesis, showing that the elderly had the worst perfor-

mance on all GSS-2 indexes. These data are aligned with the previous studies of Mueller-

Table 5. Hierarchical linear model of Yield score predictors.

b SE B β p
Step 1

Constant -6.651 2.28 .004

Age .194 .033 .412 <.001

Gender -.362 .520 -.049 .487

Step 2

Constant 9.504 2.276 <.001

Age .107 .026 .228 <.001

Gender .448 .390 .060 .253

DR GSS-2 -.065 .068 -.177 .338

IR GSS-2 -.166 .073 -.293 .024

DR RAVLT -.291 .087 -.222 .001

IR RAVLT .123 .038 .250 .001

KBIT-2 NV -.045 .011 -.259 <.001

KBIT-2 V -.047 .016 -.195 .003

Step 3

Constant 8.899 2.901 .003

Age .111 .025 .236 <.001

Gender .481 .377 .065 .204

DR GSS-2 -.055 .066 -.098 .405

IR GSS-2 -.126 .072 -.222 .080

DR RAVLT -.266 .085 -.204 .002

IR RAVLT .119 .037 .240 .002

KBIT-2 NV -.040 .011 -.234 <.001

KBIT-2 V -.041 .015 -.172 .008

SES -.113 .054 -.126 .038

PSWQ .033 .012 .151 .008

MCSDS -.020 .039 -.027 .606

Note: R2 = .17 for step 1; ΔR2 = .17. R2 = .59 for step 2; ΔR2 = .42. R2 = .63 for step 3; ΔR2 = .04.

https://doi.org/10.1371/journal.pone.0241353.t005
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Table 6. Hierarchical linear model of shift score predictors.

b SE B β p
Step 1

Constant -6.64 2.36 .006

Age .170 .034 .357 <.001

Gender -.358 .540 -.048 .508

Step 2

Constant -1.235 3.211 .701

Age .139 .030 .291 <.001

Gender -.024 .472 -.003 .960

SES -.266 .066 -.293 <.001

PSWQ .061 .015 .281 <.001

MCSDS -.005 .050 -.007 .920

Step 3

Constant 7.098 3.410 .039

Age .102 .029 .215 .001

Gender .255 .443 .034 .566

SES -.125 .063 -.138 .050

PSWQ .042 .014 .193 .004

MCSDS -.018 .046 -.023 .705

DR GSS-2 -.030 .077 .053 .698

IR GSS-2 -.162 .084 -.282 .056

DR RAVLT -.124 .100 -.094 .216

IR RAVLT .015 .043 .030 .727

KBIT-2 NV -.040 .013 -.228 .002

KBIT-2 V -.012 .018 -.048 .517

Note: R2 = .13 for Step 1; ΔR2 = .13. R2 = .36 for Step 2; ΔR2 = .23. R2 = .50 for Step 3; ΔR2 = .14.

https://doi.org/10.1371/journal.pone.0241353.t006

Table 7. Average scores in Yield, Shift, and Total Suggestibility of low and high suggestibility groups.

Low High

(N = 51) (N = 52)

GSS-2 Yield M(SD) 2.35 (1.38) 10.48 (1.95)

GSS-2 Shift M(SD) 0.99 (1.12) 9.00 (2.27)

GSS-2 Total Suggestibility M(SD) 3.29 (1.62) 19.62 (3.01)

https://doi.org/10.1371/journal.pone.0241353.t007

Table 8. Classification metrics of ML algorithms developed on the low and high suggestibility samples.

ML classifier Accuracy AUC False positive False negative

Naive Bayes 90% 0.94 7/51 2/52

Logistics 86% 0.85 8/51 6/52

SVM 89% 0.89 7/51 4/52

Random Forest 88% 0.94 8/51 4/52

OneR 82% 0.83 8/51 10/52

Note: False positive = low suggestibility classified as high; false negative = High suggestibility classified as low. AUC = area under the curve.

https://doi.org/10.1371/journal.pone.0241353.t008
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Johnson and Ceci [29] and Dukala and Polczyk [28], which found higher levels of suggestibil-

ity in older participants (albeit their samples were younger than that of the present study).

These previous studies also highlighted a relationship between age and the tendency to yield to

suggestive questions, mediated by the quality of memory [28, 30, 82]. Overall, memory quality

decreases with increasing age, indicating a worsening trend in performance on all memory-

related variables, including IR GSS-2 and DR. Specifically, in the present study, the IR GSS-2

and DR scores of the elderly group showed lower memory—and reduced recall efficiency—rel-

ative to the other (younger) groups, in line with previous studies [28, 83]. The results also

showed a statistically significant difference between the elderly group and the late adult and

young elderly groups in the Shift scale, which is more associated with interpersonal and psy-

chosocial variables than with memory [28, 30, 84].

The results also confirmed the second hypothesis, showing that low levels of memory and

intelligence were correlated with high Yield scores. Consistent with previous studies [28–30,

34, 35, 85–90], the present study found that elderly participants scored lower on memory and

intelligence measures and showed a related poor performance on IS variables. These findings

confirm the association—well-known in the literature [83, for a review]—between Yield score

and cognitive factors, underlining that older people tend to have reduced memory and greater

suggestibility than younger persons, due to a cognitive ability and a tendency to become more

confused and less certain following misleading questions [18, 37, 91, 92].

The third hypothesis was mostly confirmed by the results, which underlined a positive rela-

tion between Shift score and worry and a negative relation between Shift score and self-esteem.

This finding supports the idea that social factors have a prevalent influence on IS [83, for a

review]. In more detail, worry—a component of state anxiety and the main cause of its nega-

tive effects [93]—was found to be positively correlated with high suggestibility [16, 18, 94]: by

reducing cognitive resources [93], worry may have increased suggestibility, especially follow-

ing negative feedback [95], leading to higher Shift scores. Shift was also found to be negatively

correlated with self-esteem [22, 23, 26, 96]—a factor that may affect one’s self-evaluation of

readiness to face an interview situation, influencing the subject’s suggestibility, especially in

the context of negative feedback [96–98]. Positive correlations between Shift scores and social

desirability were found only in the late adult and young elderly groups. This was an unex-

pected outcome, in light of the results of previous studies [11, 21, 88, 99], but it may relate to

the mean age of the participants in the elderly group of the present research, which was higher

than that of previous studies. A lower influence of social desirability in older people (relative to

younger ones) was underlined by Fastame, Penna, and Hitchcott [95], who found this variable

to play a marginal role in predicting the psychological well-being of the elderly, confirming the

findings of Phillips, Henry, Hoise, and Milne [100]. Moderation analysis also confirmed this

finding, showing a stronger impact of the social desirability on Shift scores for those aged

between 65 to 74 years old.

The present study also explored the possibility of using age and cognitive variables to pre-

dict Yield scores, together with the possibility of using age and emotive/affective variables to

predict Shift scores. Results showed that age was the most important predictor of both Yield

and Shift and confirmed the important role of intelligence in its non-verbal form (as measured

by KBIT-2 NV) and memory (as measured by IR RAVLT and DR RAVLT) in explaining sub-

ject’s tendency to yield to misleading questions, again in line with previous researches [10, 18,

32, 101]. Moderation results showed that this association was stronger for those aged over 75

years. It is noteworthy that the best predictor of Shift resulted to be the non-verbal intelligence

(as measured by KBIT-2 NV), together with age, even though the well-known relation between

this IS variable and social factors [83, for a review]. Self-esteem and worry, indeed, even if sig-

nificant, explained a minor percentage of the variation in Shift. Since none of the previous
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studies on IS in elderly [28–30] administered the KBIT-2, it is important to investigate whether

the structure of this specific test could affect Shift scores, even considering the significant nega-

tive correlation found between these two measures. Indeed, the KBIT-2 is not a self-adminis-

tered test, therefore it is possible the influence of the interviewer’s behavior on subject’s

attitude toward the test and its administration.

In line with the recent emphasis on replicability highlighting the need for behavioral predic-

tion (beyond mere statistical analysis), the present study developed predictive ML models to

estimate the maximum accuracy with which participants with low versus high suggestibility

could be predicted. All ML models distinguished between the two classes (high vs. low suggest-

ibility) with accuracy ranging from 86–90% and AUC values above 0.85. While most ML mod-

els operated as efficient classifiers, they were difficult to interpret. To engender greater insight

into the rules used to distinguish low versus high suggestibility, an additional model was used

to identify the single best classification rule. This model demonstrated that IR GSS-2 classified

82% of participants correctly. More specifically, IR GSS-2 scores below 18.5 indexed high sug-

gestibility, while scores above 18.5 indexed low suggestibility. This efficient classification rule

indicated that participants with low verbal recall were also high in suggestibility; in other

words, memory impairment was found to be the best predictor of suggestibility [32]. Similar

results were observed in predicting Shift and Yield scores. A possible explanation for the pre-

dictive capacity of immediate recall on suggestibility is that resistance to suggestion requires

strong memory; thus, poor recall may leave subjects more vulnerable to the influence of sug-

gestion. This result is of great importance to medico-legal settings, in which the mental capac-

ity of older persons to resist undue influences is evaluated. Thus, the result reported here has

practical consequences for the evaluation of natural capacities and protection issues [85].

Strengths and limitations

The present study aimed at contributing to a better understanding of IS in the elderly, consid-

ering the abovementioned increase in the number of senior citizens in most nations and the

lack of research on older samples. It generated useful insight into the phenomenon of IS in the

elderly, examining variables that had not been previously considered in the literature (e.g.,

worry, self-esteem, verbal memory, verbal skills, and logical abilities) in subjects aged over 75

years. Nevertheless, there are some important limitations of this study that require supplemen-

tary research to overcome: (a) the GSS-2, which is highly sensitive to individual differences

between interviewers, was administered by two different interviewers (though both were

trained by experts and aligned in their interpretation and scoring); (b) Confabulation—an

important GSS-2 index that was previously studied by Gudjonsson [83, 102] and Sigurdsson

et al. [103]—was not taken into account; (c) there were significant differences in the years of

education between the study sample groups, and these differences may have affected IS scores;

(d) the research design was cross-sectional: we could not follow the changes in suggestibility

over time. Results emerging from cross-sectional plans are, indeed, weaker compared to those

that could raise from longitudinal researches; e) the present study does not compare the results

of this specific sample (aged between 55 and 86 years) with a younger one. So, it is not possible

to determine to what extent the performance of the late adult participants on all the variables

considered differs from the performance of a younger sample.

In the interest of improving our understanding of IS, future research should extend the

hypotheses and sample used in the present work. An additional study should investigate and

measure participants’ memory using the WMS, which is frequently applied in studies with

younger adults. It would also be useful to investigate delayed IS [90, 97] by administrating

GSS-2 questioning right after the IR—obtaining Yield, Shift, and Total Suggestibility scores—
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and DR after 1 week, in order to evaluate the tendency to incorporate into original memory

the information provided by suggestive questions. In legal contexts, the importance of identify-

ing the characteristics of both victims and perpetrators is clear. Future research, therefore,

should take into account the contributions of Bain and Baxter [98] and Dukala and Polczyk

[28], who studied interviewer behavior as a predictor of IS, finding that older people inter-

viewed under abrupt (vs. friendly) conditions scored higher on Shift relative to younger

persons.

Conclusions

Although further research is required to achieve a comprehensive view of IS in the elderly, the

results of the present study suggest that several variables are involved. In particular, the results

confirmed the initial hypotheses that suggestibility increases with age and that it is correlated

with cognitive variables—specifically intelligence and memory, in line with the results of previ-

ous studies. The present research demonstrated that IS in the elderly is also correlated with

emotive/affective variables, such as worry and self-esteem, confirming its multifaceted nature.

This finding was confirmed by the ML analysis [104, 105], which underlined the importance

of memory (predominantly) and all of the studied cognitive and emotive/affective variables in

explaining IS in an elderly population.

Overall, despite the possible limitations of the present study, it provided new data on IS,

clarifying the influence of cognitive and emotive/affective variables on the ability to withstand

suggestive questions. Most importantly, the research considered subjects over the age of 75,

who had never been considered empirically in this context, but who hold an increasingly prev-

alent role in the forensic field.
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84. Sartori G, Zangrossi A, Orrù G, Monaro M. Detection of malingering in psychic damage ascertainment.

In: Ferrara S, editor. P5 Medicine and justice. Springer; 2017. pp. 330–341.

85. Gignac GE, Powell MB. A direct examination of the nonlinear (quadratic) association between intelli-

gence and suggestibility in children. Appl Cogn Psychol. 2006; 20: 617–623. https://doi.org/10.1002/

acp.1213

86. Balota DA, Dolan PO, Duchek JM. Memory changes in healthy young and older adults. In: Tulving E,

editor. The Oxford handbook of memory. Oxford: Oxford University Press; 2000. pp. 395–410.

87. Ridley AM, Gabbert F, La Rooy DJ. Suggestibility in legal contexts: Psychological research and foren-

sic implications. Chichester: John Wiley & Sons; 2013.

88. Polczyk R. Interrogative suggestibility: Cross-cultural stability of psychometric and correlation proper-

ties of the Gudjonsson Suggestibility Scales. Pers Individ Dif. 2005; 38: 177–186. https://doi.org/10.

1016/j.paid.2004.03.018

89. Gudjonsson GH. The relationship between memory and suggestibility. Soc Behav. 1987; 2: 29–33.

90. Ridley AM, Gudjonsson GH. Suggestibility and individual differences: psychosocial and memory mea-

sures. In: Ridley AN, Gabbert F, La Rooy DJ, editors. Suggestibility in legal contexts. Psychological

research and forensic implications. Chichester: Wiley-Blackwell; 2013. pp. 85–106.

91. Szipatalak M, Polak M, Polczyk R, Dukale K. The influence of social, para-social, and nonsocial mis-

leading post-event sources on memory performance. Eur J Soc Psychol. 2016; 46(2): 185–197.

92. Polak M, Dukala K, Szpitalak M, Polczyk R. Toward a non-memory misinformation effect: Accessing

the original source does not prevent yielding to misinformation. Curr Psychol. 2016; 35(1): 1–12.

https://doi.org/10.1007/s12144-015-9352-8

93. Sarason IG. Anxiety, self-preoccupation and attention. Anxiety Res. 1988: 1: 3–7. https://doi.org/10.

1080/10615808808248215

94. Wolfradt U, Meyer T. Interrogative suggestibility, anxiety and dissociation among anxious patients and

normal controls. Pers Individ Dif. 1998; 25: 425–432. https://doi.org/10.1016/S0191-8869(98)00023-3

95. Fastame MC, Penna MP, Hitchcott PK. Life satisfaction and social desirability across the late life span:

What relationship? Qual Life Res. 2015; 24: 241–244. https://doi.org/10.1007/s11136-014-0750-4

PMID: 24986475

96. Gudjonsson GH, Lister S. Interrogative suggestibility and its relationship with self-esteem and control.

J Forensic Sci. 1984; 24: 99–110. https://doi.org/10.1016/s0015-7368(84)72302-4 PMID: 6747596

PLOS ONE Suggestibility in elderly

PLOS ONE | https://doi.org/10.1371/journal.pone.0241353 November 16, 2020 22 / 23

https://doi.org/10.1080/03637751.2017.1352100
https://doi.org/10.3758/bf03206553
https://doi.org/10.3758/bf03206553
http://www.ncbi.nlm.nih.gov/pubmed/15641418
https://doi.org/10.1037//0022-3514.51.6.1173
http://www.ncbi.nlm.nih.gov/pubmed/3806354
https://doi.org/10.1109/TNNLS.2017.2705694
https://doi.org/10.1109/TNNLS.2017.2705694
http://www.ncbi.nlm.nih.gov/pubmed/28622677
https://doi.org/10.3389/fpsyt.2019.00389
http://www.ncbi.nlm.nih.gov/pubmed/31275176
https://doi.org/10.1093/bioinformatics/btx295
http://www.ncbi.nlm.nih.gov/pubmed/28475710
https://doi.org/10.1177/1745691617693393
https://doi.org/10.1177/1745691617693393
http://www.ncbi.nlm.nih.gov/pubmed/28841086
https://doi.org/10.1002/acp.1213
https://doi.org/10.1002/acp.1213
https://doi.org/10.1016/j.paid.2004.03.018
https://doi.org/10.1016/j.paid.2004.03.018
https://doi.org/10.1007/s12144-015-9352-8
https://doi.org/10.1080/10615808808248215
https://doi.org/10.1080/10615808808248215
https://doi.org/10.1016/S0191-8869%2898%2900023-3
https://doi.org/10.1007/s11136-014-0750-4
http://www.ncbi.nlm.nih.gov/pubmed/24986475
https://doi.org/10.1016/s0015-7368%2884%2972302-4
http://www.ncbi.nlm.nih.gov/pubmed/6747596
https://doi.org/10.1371/journal.pone.0241353


97. Singh KK, Gudjonsson GH. Interrogative suggestibility, delayed memory and self-concept. Pers Indi-

vid Dif. 1984; 5: 203–209.

98. Bain SA, Baxter JS. Interrogative suggestibility: The role of interviewer behavior. Legal Criminol Psy-

chol. 2000; 5: 123–133.

99. McGroarty A, Baxter J. Interviewer behaviour, interviewee self-esteem and response change in simu-

lated forensic interviews. Pers Individ Dif. 2009; 47: 642–646. https://doi.org/10.1016/j.paid.2009.05.

024

100. Phillips LH, Henry JD, Hosie JA, Milne AB. Age, anger regulation and wellbeing. Aging Ment Health.

2006; 10: 250–256. https://doi.org/10.1080/13607860500310385 PMID: 16777652

101. Luo L, Craik FIM. Aging and memory: A cognitive approach. Can J Psychiatry. 2008; 53: 346–353.

https://doi.org/10.1177/070674370805300603 PMID: 18616854

102. Gudjonsson GH. The psychology of false confessions. Forty years of science and practice. Chiches-

ter: Wiley Blackwell; 2018.

103. Sigurdsson E, Gudjonsson GH, Kolbeinsson H, Petursson H. The effects of ECT and depression on

confabulation, memory processing, and suggestibility. Nord J Psychiatry. 1994; 48: 443–451.
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