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Abstract
The intentional distortion of test results presents a fundamental problem to self-report-based psychiatric assessment, such 
as screening for depressive symptoms. The first objective of the study was to clarify whether depressed patients like healthy 
controls possess both the cognitive ability and motivation to deliberately influence results of commonly used screening 
measures. The second objective was the construction of a method derived directly from within the test takers’ responses to 
systematically detect faking behavior. Supervised machine learning algorithms posit the potential to empirically learn the 
implicit interconnections between responses, which shape detectable faking patterns. In a standardized design, faking bad 
and faking good were experimentally induced in a matched sample of 150 depressed and 150 healthy subjects. Participants 
completed commonly used questionnaires to detect depressive and associated symptoms. Group differences throughout 
experimental conditions were evaluated using linear mixed-models. Machine learning algorithms were trained on the test 
results and compared regarding their capacity to systematically predict distortions in response behavior in two scenarios: 
(1) differentiation of authentic patient responses from simulated responses of healthy participants; (2) differentiation of 
authentic patient responses from dissimulated patient responses. Statistically significant convergence of the test scores in 
both faking conditions suggests that both depressive patients and healthy controls have the cognitive ability as well as the 
motivational compliance to alter their test results. Evaluation of the algorithmic capability to detect faking behavior yielded 
ideal predictive accuracies of up to 89%. Implications of the findings, as well as future research objectives are discussed. 
Trial Registration The study was pre-registered at the German registry for clinical trials (Deutsches Register klinischer 
Studien, DRKS; DRKS00007708).
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Introduction

In psychology and the social sciences, there exists a pre-
dominant interest in latent constructs, which typically cannot 
physically be measured. Concepts like a person’s personality, 
attitudes and current mental states are frequently the basis 
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for profound economical, medical, and social decisions, such 
as personnel selection, continuation or discontinuation of 
treatments as well as claims to financial support in the health 
care system. Hence, their quantitative specification is one of 
the most sought-after goals of psychiatric and psychological 
assessment. For that matter, the objective of all measurement 
efforts is identifying the true magnitude of the parameters, 
which uni-dimensionally reflects the characteristics of these 
unobservable concepts. Self-report measures are the typi-
cal approach to acquiring as pristine as possible valuations 
of these true values. However, they are particularly suscep-
tible to distortions of the test taker’s response tendencies. 
One such distortion is the faking of test results. If a person 
applies faking strategies, the measured value is merely a 
reflection of the sum of the real value and a faking-bias. 
Especially in contexts, where decisional consequences have 
high impact on a client’s life, a valid and flawless measure-
ment is the foundation of a fair assessment.

The term faking refers to a deliberate distortion of the 
answers in a psychological test towards a more positive or 
more negative representation of oneself [1]. According to 
MacCann, Ziegler, and Roberts [2], similarities shared by 
most definitions of the concept include four core aspects. 
First, rather than a personal trait, faking is manifested as 
a particular display of behavior. Second, faking is goal-
oriented and requires motivation. Third, the impressions 
provided by the faking behavior are enhanced and unlike 
a person’s real characteristics. Lastly, faking engages in an 
interaction between the individual’s current situation and its 
permanent traits. Two kinds of faking have to be differenti-
ated: faking-good defines the way in which test takers render 
themselves more competent or socially desirable, respec-
tively, concealing symptoms expected to have a negative 
impact on the test results [3]. Thus, the presented description 
is more positively accentuated than in reality. Inversely, fak-
ing bad is the simulation and malingering of psychological 
symptoms or vulnerabilities, as well as the misrepresenta-
tion of personal characteristics [4]. The terms can be further 
differentiated with respect to the factual medical state of the 
subject. In case of a healthy subject, simulation describes 
the feigning of symptoms that do not actually exist, whereas 
aggravation is the negatively distorted display of a patient’s 
real symptoms [5]. The term dissimulation is usually applied 
for positively distorted displays of characteristics of both 
patients and healthy subjects.

Faking in a clinical‑psychiatric context

Since psychiatric disorders are inherently difficult to objec-
tify, possibilities for falsification are more potent than diag-
nosing most somatic disorders. For a long time, neither the 
motives nor the specific competence for faking of psychiatric 
symptoms [6] have been unambiguously demonstrated for 

depressed patients. The intentional distortion of test results 
has previously been described as a spurious measurement 
error resulting from the interaction between the person’s 
disposition and the situational demand [7, 8]. As such, fak-
ing can be understood as a specific cognitive ability. In their 
process model of applicant faking behavior, Tourangeaou 
and Rasinski [9] identify three central cognitive domains 
for goal-driven and realistic distortion of a response: com-
prehension, importance, classification, and mapping of 
the desired outcome on the response continuum. All three 
aspects depend significantly on specific person charac-
teristics. Characteristics that are particularly relevant for 
the capability to intentionally distort test results, and that 
could potentially be lacking in depressed patients include: 
general mental ability [10, 11], ability to reflect and self-
understanding [12], motivation [13], frame of reference 
[14] and self-concept [15]. There has been a predominant 
assumption that patients neither possess the motivation to 
malinger their test results due to their psychological strain, 
nor the cognitive capacities [16, 17] necessary to success-
fully employ faking strategies [18]. According to Kaplan and 
Sadock [19], depressed individuals often report perceiving 
tasks to be more complicated or difficult than described by 
healthy controls and typically require more encouragement 
to attempt solving them. In addition, it is well established 
that depressed patients fail to put forth the maximum effort 
they are theoretically capable to muster [20]. Clearly, the 
aggravated as well as the simulated presentation of symp-
toms requires a change of perspective and the imagination 
of alternate states of mind. However, both, non-psychotic as 
well as psychotic depressed patients have been shown to be 
significantly impaired on tests, that involve social-cognitive 
and social-perceptual components of theory of mind (ToM) 
[21, 22]. Especially chronically depressed patients have 
frequently been linked to Piaget’s concept of preoperative 
thinking [12, 23], which involves egocentrism in the views 
of self and others. On the other hand, patients with acute 
forms or a history of psychological disorders often become 
experts for the relevant symptoms and are thus more com-
petent in depictions of themselves in an authentic manner.

According to Ziegler [24], faking gains particular rel-
evance in so-called high-stakes-situations, which are char-
acterized by substantial consequences for the individual. In 
clinical contexts, motivation for misrepresentation is usually 
linked to secondary gains [25], manifested in social attention 
[26], exoneration of unpleasant impositions [27] as well as 
materialistic benefits like financial support and compensa-
tion [28]. However, invalid methods of symptomatic screen-
ing come with a price, epitomized in a recent study by Lieb 
and colleagues [29], who showed that all successful suicide 
attempts in a sample of 16,251 inpatients at the university 
hospital in Munich over the span of 20 years were carried 
out on pre-approved clinical leave of absence or external 
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home visits, thus posterior to misjudgements of the patients’ 
true symptomatic status.

Prevalence of faking and socio‑economic 
implications

Conservative estimates presented by Griffin, Normington, 
May, and Glassmire [30] conjecture that about a fifth of all 
applicants for full-rate reduced-earning-capacity pensions 
exaggerate their symptoms and disabilities. These results are 
in line with the work of Cima and colleagues [31] who pos-
tulate misrepresentation of psychiatric symptoms for 16% of 
the patients in forensic contexts. The prevalence of faking 
application cases strongly depends on the situation. Accord-
ing to Vossler-Thies, Stevens, Engel, and Licha [32], rates 
for faking-bad strategies in psychological assessment reports 
reach up to 29–30%. Other studies postulate substantially 
higher estimations: Stevens, Friedel, Mehren and Merten 
[33] found indication for suboptimal performance in 44% 
of subjects in psychiatric assessments using the Word Mem-
ory Test (WMT) and the Medical Symptom Validity Test 
(MSVT) for effort testing, while Greve, Ord, Bianchini and 
Curtis [34] claim prevalence rates of feigned psychological 
symptoms between 20–50% in 508 applications for inva-
lidity pensions, depending on the test procedure. Faking in 
personality measures is estimated to be even more frequent, 
namely shown by approximately 50% of test subjects [35].

By now the largest proportion in the medical spectrum 
of invalidity pensions is due to psychiatric disorders, mak-
ing up 36.5% of male and 49.0% of female early retirement 
causes. Figure 1 displays the distribution of causes, which 
lead to full-rate reduced-earning-capacity pensions, issued 
in the year 2016 [36]. The major share of rehabilitation and 
reduced-earning-capacity support is due to affective, stress-
related and adjustment disorders. Moreover, individual psy-
chiatric diagnoses are dominated by depressive disorders.

If the more pessimistic estimates on the prevalence of 
faking of 30–50% are correct, the relevance of studying fak-
ing in the context of mental health assessment, including its 
detection and prevention, becomes apparent. Furthermore, 
the problem of deliberate misrepresentation in assessment 
situations is not only relevant to the assessment of mental 
health but also to many other subdisciplines in medicine 
[32].

Prior efforts to mitigate faking: advantages 
of a machine learning approach

A number of approaches have been taken by researchers 
and practitioners to address the problem of faking. These 
efforts can be loosely categorized into methods designed 
to control faking, methods designed to identify individual 
faking behavior, and methods designed to correct for faking. 
Control strategies attempt to either reduce faking behavior or 

Fig. 1   Medical spectrum of causes for full-rate reduced-earning-capacity pensions in Germany, 2016
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alternatively to prevent it altogether [37]. Detection efforts 
attempt to identify test takers likely to be representing 
themselves in an incorrect way [38–40]. Correction efforts 
simultaneously obtain social desirability covariates used to 
statistically depurate individual scores [41].

However, there are several limitations to the applicability 
of the methods developed to date; for example, the central 
problem with the implementation of warnings and exhorting 
instructions is the potential suppression of honest responses. 
As such, it is not clear if the most honest test takers would 
curb responses to avoid criticism or accusations. It has been 
theorized that warnings merely lead to more subtle and 
sophisticated versions of faking [42]. Furthermore, test tak-
ers may exhibit a negative attitude towards warnings [43]. 
Control methods that are based on the item format were 
questioned by the results of head-to-head comparisons of 
forced-choice multidimensional items with traditional Lik-
ert-type items, indicating that both formats were equally 
biased by directed faking [44]. Response time limitations are 
based on the assumption that additional cognitive resources 
and thus longer processing times are required to feign a test 
response. Holden, Wood, and Tomashewski [39] could not 
find support for a performance decrease in response time-
limiting paradigms, implying, that lying rather involves 
primitive cognitive processing whilst Komar, Robie, and 
Taggar [45] showed, that speeding through non-cognitive 
measures could significantly reduce faking, but the effect 
was only seen in individuals with low cognitive abilities. 
Methods that attempt to detect faking so far lacked satisfy-
ing classification accuracy. A within-person difference score 
index (DSI) was presented as a method to identify faking 
within single-test administrations. Baseline RTs were found 
to be significantly shorter than RTs in misrepresentation 
conditions, resulting in classification accuracy rates of up to 
71.1% for experimentally induced faking designs [46]. Using 
measures of the Item Response Theory, item characteristics 
and response processes can be examined to detect misrepre-
sentation. Holden and Book [47] used hybrid Rasch-latent 
class modeling to discriminate fakers from non-fakers in 
an experimentally induced scenario. A 3-Rasch class model 
reached classification accuracy rates of 68.4% for standard 
responding, 78.4% for faking good and 50.4% for faking bad.

In conclusion, even though known approaches do help 
address the faking problem, the extent of their utility is in 
need of improvement. New solutions have to be provided 
to withstand the aspired validity standards of psychometric 
quality criteria, like so formulated for example in the Ger-
man S3 national guidelines for unipolar depression [48].

Criteria for a more suitable detection method are (1) a 
considerable increase in discriminative accuracy, (2) ver-
satility for a wide range of different contexts, and (3) high 
applicability for already existing tests. This study suggests 
the construction of a method derived directly from within 

the test taker’s responses to detect faking behavior. The test 
data include numerous implicit interconnections and clus-
ters between item responses, which could potentially shape 
a detectable faking pattern. Since there are no established 
cutoffs for satisfying precision of faking detection methods, 
keeping in mind the scope of high-stake decisions, we sug-
gest a minimum of 90% accuracy with a false-positive-rate 
of no more than 5% as the criterion for an acceptable clas-
sification result.

Machine learning is a specific subset of methods from the 
artificial intelligence (AI) domain, which enable algorithmic 
classifiers to learn based on experience rather than being 
explicitly programmed [49]. Specifically, so-called super-
vised or inductive machine learning [50] appears promis-
ing to be applied to the detection of faking. This paradigm 
is distinguished by the search for classification algorithms, 
capable of reasoning from externally supplied instances to 
produce generalizable hypotheses, which in turn predict the 
class of future instances. Kotsiantis et al. [51] as well as 
Urbanowicz and Moore [52] have presented comprehensive 
reviews on this method. Generally speaking, machine learn-
ing techniques provide a competitive advantage in decision 
problems, either when there is no human expertise available, 
when data are too complex to penetrate, or where humans 
cannot explain their own expertise or skill [53]. The pre-
dictive modeling approach has previously been applied to 
comparable fields, such as deceit detection [54, 55], and lie 
detection [56] as well as to numerous other areas of sci-
entific and economic interest. Specific uses in the medical 
sector include the detection of healthcare fraud [57–59] and 
disease prediction [60, 61]. While in the present study pre-
dictive modeling is applied to data of psychiatric screening 
measures, this principle of faking detection is generaliz-
able to other assessment methods as well (observer ratings, 
behavioral observation). Especially interviews, which usu-
ally constitute the gold-standard for clinical decision-making 
could benefit from more precise detection methods for delib-
erately distorted responses. Another advantage of machine 
learning algorithms is their dynamic ability for continuous 
improvement: as in the present study, a restricted sample 
size is available to train and validate the classifiers, but for 
any further supply of data to the set, the algorithms have 
the potential to keep learning to improve their discrimina-
tive accuracy [62], as long as data are collected in the same 
measurement paradigm or an improved version of it.

Hypotheses and summary of study objectives

To our knowledge, no study to date has investigated the 
intentional distortion of test results when screening for 
depressive symptoms in a comparable standardized design. 
First, we hypothesized that it would be possible to intention-
ally alter the outcome of the included tests, both in a positive 
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and in a negative direction, as compared to the authentic 
result. The testing of the primary hypothesis simultaneously 
serves as a manipulation check of the faking-induction. Sec-
ondly, we hypothesized that depressed patients compared 
to healthy controls would have reduced ability to distort 
the results of screening measures. Finally, it is investigated 
whether faking can systematically be detected in a super-
vised learning paradigm. As a secondary objective, test 
items that are particularly informative for the distinction 
between authentic and distorted test results are sought to 
be identified.

Methods

Sample characteristics

A total number of N = 300 participants were recruited 
including nd = 150 patients with depressive disorders and 
nc = 150 healthy controls. Patients were contacted in the 
context of both inpatient and outpatient treatment programs 
at the Hospital for Psychiatry and Psychotherapy of the Lud-
wig-Maximilians University, Munich. Healthy participants 
were contacted via bulletins or active personal approach. 
Subsamples (depressed and healthy subjects) were matched 
by age, educational status, and gender to minimize con-
founding effects. Age-matching tolerance comprised a span 
of ± 5 years and educational-matching included three dif-
ferent levels of academic achievement. Descriptive statistics 
for demographic data of all 300 participants included in the 
matched sample are displayed in Table 1. A total of 143 
patients (95%) were on a psychiatric medication schedule at 
the time of assessment. All participants had to be between 
18 and 60 years of age and fluent in reading and writing 
German, so all subjects could correctly understand and 
adequately respond to instructions and questionnaire items. 

Patients had to have been previously diagnosed with depres-
sion according to DSM-IV criteria (296.2; 296.3) by profi-
cient and experienced psychiatrists or psychologists using a 
version of the Structured Clinical Interview for the DSM-IV 
(SCID-I [63]). Healthy controls by definition had to be free 
of acute and antecedent psychiatric disorders.

Exclusion criteria for the patient group comprised acute 
suicidal tendencies, addiction disorders, physical disease 
including acute and chronic infections, autoimmune disease, 
pregnancy, psychotic disorders, bipolar disorder as well as 
primary diagnosis of panic disorder, generalized anxiety 
disorder (GAD), social anxiety disorder, and posttraumatic 
stress disorder (PTSD). Exclusion criteria for the healthy 
control group included consumption of psychotropic drugs, 
physiological diseases including acute and chronic infec-
tions, autoimmune disease and pregnancy.

Measures

In preparation of the study, an inquiry had been made at 
the German Insurance Association (GDV; German: Gesa-
mtverband der Deutschen Versicherungswirtschaft, e.V.) to 
ascertain the current state of the art for psychological tests, 
used in the clinical assessment for depression in the context 
of early retirement. Out of 191 tests which are applied in 
psychological surveys for early retirement due to depression, 
the measures selected for this study are the most commonly 
used screening tests from the field’s personality inventory, 
cognitive abilities, specific clinical depression, and mental 
state/emotional competence/pain. These include the German 
version of the Beck-Depression Inventory (BDI-II) [64], the 
revised German version of the Symptom-Checklist-90-R 
(SCL-90-R) [65], the German version of the Structured 
Inventory of Malingered Symptomatology (SFSS) [31], the 
German version of the NEO-Five-Factor Inventory (NEO-
FFI) [66], and the Attention and Concentration Test (d2-R) 

Table 1   Demographic and 
clinical characteristics of the 
study sample

N = 300; M sample mean, SD standard deviation, HS Hauptschule (secondary school, year 5–9), RS reals-
chule (secondary school, year 5 to 11), Gym gymnasium (secondary school, year 5–12)

Characteristic No. (%)

Patients (n = 150) Controls (n = 150) Total (n = 300)

Demographics
 Age, M (SD) 39.3 (12.25) 42.1 (12.38) 40.9 (12.32)
 Women 76 (51%) 76 (51%) 152 (51%)

Education
 HS 23 (15%) 23 (15%) 46 (15%)
 RS 52 (35%) 52 (35%) 104 (35%)
 Gym 75 (50%) 75 (50%) 150 (50%)

Clinical characteristics
 Psychiatric medication 0 (0%) 143 (95%) 143 (48%)
 BDI–II sum score, M (SD) 27.02 (11.97) 3.09 (4.00) 13.20 (14.48)
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[67]. While the BDI-II (21 items, multi-choice from zero 
to three), the NEO-FFI (60 items in five dimensions, five-
point Likert scale) and the d2-R (six performance measures) 
were used in full length, only the depression scale of the 
SCL-90-R (13 items, five-point Likert scale) and only the 
affective disorder scale of the SFSS (14 items, binary forced-
choice format) were included.

Certain other measures such as the Minnesota Multipha-
sic Personality Inventories (MMPI-I and MMPI-II) [68, 69] 
readily include built-in faking precautions. However, accord-
ing to Vossler-Thies and colleagues [32], these well-vali-
dated tests are often not time-economic enough for screen-
ings in commonplace clinical contexts and were therefore 
not included in the present study.

Experimental design and testing procedure

Prior to testing, the severity of the current episode of 
depression was screened using the International Diagnostic 
Checklists for depression (IDCL) [70]. In a standardized 
design, faking behavior was experimentally induced: both 
patients and controls were instructed to answer each test 
with a specific mindset in each one of three different con-
ditions, the faking-good-, faking-bad- and true-condition 
(within-subjects design). In the faking-good condition, 
participants were asked to imagine a particular situation, 
in which making a good impression in a plausible man-
ner and presenting only little psychological strain would 
award them with advantageous consequences (getting the 

dream job). In the faking-bad condition, participants were 
instructed to present themselves as more psychologically 
strained in prospect of a profitable outcome (early retire-
ment). In the true-condition, participants were asked to 
present themselves in a realistic manner without any exag-
gerations and answer in a way that seemed subjectively 
appropriate to them. The exact wording of the instruc-
tions can be found in the supplementary materials (Online 
Resource 1). To ensure realistic response behavior, par-
ticipants were told that a test expert would go through the 
test results after the testing and that they should try not 
to be caught cheating. Patients and controls were tested 
in each of the conditions sequentially. The order of the 
three conditions was systematically randomized to elimi-
nate response bias and context effects. The order of the 
five questionnaires (BDI-II, SCL-90-R, SFSS, d2-R and 
NEO-FFI) was also systematically randomized within 
each of the conditions. Hence, each subject answered each 
questionnaire three times. The complete study design is 
displayed in Fig. 2.

Instructions were given verbally and in writing just 
before the start of each condition. All tests were pre-
sented in digital format, since there are no empirical dif-
ferences in the faking behavior regarding computerized 
and paper–pencil versions of tests investigated up to this 
point [71]. The study was conducted in accordance with 
the Declaration of Helsinki. Formal approval to conduct 
the investigation has been obtained from the institutional 
review board (IRB).

Randomization
Authentic condition

„Fill out tests truthfully“

Simulation condition

„Early retirement scenario“

Dissimulation condition

„Applying for dream job“

Single subject testing session

Enrollment

Assess
eligibility (IDCL)

baseline
characteristics

Period 1 Period 2 Period 3

or

or

Authentic condition

Simulation condition

Dissimulation condition

or

or

Authentic condition

Simulation condition

Dissimulation condition

or

or

BDI-II
SCL-90-R
SFSS

NEO-FFI
d2-R

BDI-II
SCL-90-R
SFSS

NEO-FFI
d2-R

BDI-II
SCL-90-R
SFSS

NEO-FFI
d2-R

Crossover Crossover

Fig. 2   Study design displaying the three-way randomized blocked cross-over trial. Every subject completed the five tests in randomized order in 
each of the three conditions. The measurements were taken in a single testing session
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Statistical analyses and predictive modeling

Effects of the experimental faking-induction were modeled 
using linear mixed regression analyses, which included the 
faking-condition as a level-1 variable and the diagnosis as a 
level-2 variable, as well as their cross-level interaction [72]. 
Individual affective states at baseline as well as interpersonal 
differences in response behavior were accounted for by treat-
ing both the model intercept and the change rate as random 
effects. Model parameters were determined using restricted 
maximum likelihood (REML) estimations. The sum of the 
individual deviations from the authentic test scores in both 
faking conditions was computed as a measure of the mag-
nitude of the faking effect, to counteract floor and ceiling 
effects. The total faking effect was compared between patient 
and control sample using robust independent t tests with 
standard errors derived from 2000 bootstrap samples. Effects 
were regarded as significant at type-1-error probability of 
α = 0.01. Regression-based analyses were performed using 
the lme4 package for the R software environment for statisti-
cal computing [73].

Predictive modeling was applied to detect either faking-
bad or faking-good in the test responses. Binary classifica-
tions were chosen over a three-class classification approach 
to develop as specific tools as possible for the scenarios 
described above. The item scores from the five tests served 
as the predictors in the classification procedure. A total of 
115 predictors were entered into the analysis, prior to any 
filtering or variable selection. The criterion variable was 

coded for simulation vs. authentic responding or dissimula-
tion vs. authentic responding, respectively. From the specific 
combinations of the empirically observed test scores, classi-
fication functions were inferred to correctly determine class 
labels for unseen instances. Five candidate models, including 
logistic regression, support vector machines [74], random 
forests [75], tree-based stochastic gradient boosting [76], 
and an XgBoost model [77] were entered into a benchmark-
experiment framework to find an optimal classifier. All five 
models were trained and validated due to their capacity to 
detect response distortions in two different conditions:

1.	 Simulation was detected in a mixed sample of authenti-
cally responding patients and malingering controls to 
reflect the assessment for the admission to invalidity 
pensions.

2.	 Dissimulation was detected in a full patient sample to 
reflect symptom severity assessments prior to authoriza-
tion of clinical leaves of absence in psychiatric hospital 
settings.

To obtain honest performance estimates and reduce over-
fitting for all learners, model-tuning and evaluation were 
conducted in a nested-resampling paradigm. In this method, 
the data are split in a series of training- and test-sets, instead 
of relying on the representativeness of model evaluation in 
a single split [78]. All models were built according to the 
process displayed in Fig. 3. For information on optimal 
hyperparameter-tuning and parallel computing see Online 

Fig. 3   Machine learning model building procedure showing nested 
resampling for fivefold-CV on the inner loop and the first and last 
fold of tenfold-CV on the outer loop. The process was performed ten 

times by means of repeated cross-validation. “…” represents another 
eight sets of outer resampling
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Resource 2. The selection of an optimal classifier from the 
benchmark experiment would ideally require another cycle 
in the cross-validation scheme to avoid overfitting. However, 
this solution was difficult to implement because of the lim-
ited sample size. To still make an informed decision, model 
performances were compared using Bonferroni-corrected 
Wilcoxon tests on the mean misclassification error (mmce) 
of the classifiers with standard errors derived from the 100 
repeated resampling iterations of model evaluation. Sig-
nificance of predictive accuracies was determined by test-
ing each model’s performance against that of the weakest 
classifier.

In addition to using the mean misclassification error 
(mmce) as the standard optimization criterion, a custom 
performance measure was created to account for the sever-
ity of false-positive classifications in the context of faking 
detection: when the misclassification threshold exceeded 
0.05, which was regarded as an acceptable level of misclas-
sification probability, the measure was penalized by adding 
1 to the false-positive-rate (FPR).

To increase interpretability of the machine learning 
models, feature importance was estimated for the most pre-
dictive classifiers, to ascertain, which of the included test 
items posit the highest potential to selectively differentiate 
between distorted and authentic response sets. Estimation 
of each item’s significance for the classification result was 
based on the permutation importance method (PIMP). This 
approach is based on repeatedly permuting the test scores 
of a predictor, by which its potential to systematically pre-
dict an outcome is rendered un-informative [79]. The con-
tribution of each predictor was operationalized by the loss 
in performance of the model, after it had been permuted. 

Predictive modeling was performed using the mlr machine 
learning package in R [80].

Results

Average test scores from the three conditions as well as the 
quantitative differences between patients and controls are 
displayed in Table 2 and Fig. 4.

Linear mixed regression analyses showed significant main 
effect differences between all faking conditions in all tests, 
suggesting that experimental mindsets for deliberate distor-
tions could successfully be induced as well as demonstrating 
the fakeability of these commonly used screening measures. 
The only exceptions were statistically non-distinguishable 
d2-R performance measures in the authentic and the faking 
good condition. Pairwise contrasts in the regression equa-
tion (dummy-coded) showed significant interaction effects in 
response behavior differences for the faking-bad vs. authen-
tic as well as the faking-good vs. authentic conditions on all 
self-report scales except for the agreeableness dimension of 
the NEO-FFI, reflecting score convergence of patients and 
controls in both faking conditions as well as diagnostically 
valid score divergence in the authentic condition. The results 
of the linear mixed regression analyses are included in 
Table 3 for selected outcomes. The results for the remaining 
NEO-FFI scales and d2-R performance parameters can be 
found in the supplementary materials (Online Resource 3). 
Comparisons of the total faking effect between patients and 
controls using robust t-tests were not significant for all self-
reported measures, except for the agreeableness dimension 
of the NEO-FFI before correction for multiple comparisons 

Table 2   Test results from the experimental induction conditions

Raw scores. N = 300 (150 patients, 150 controls), M sample mean, SD standard deviation;

Scale Authentic Faking-good Faking-bad

Patients M (SD) Controls M (SD) Patients M (SD) Controls M (SD) Patients M (SD) Controls M (SD)

BDI-II 27.02 (11.97) 3.09 (4.00) 4.75 (9.91) 1.34 (5.03) 48.43 (11.82) 44.67 (16.11)
SCL-90-R Depression 24.47 (11.38) 2.89 (3.48) 4.18 (7.51) 1.41 (3.46) 41.70 (9.29) 37.80 (13.82)
SFSS Affective disorder 7.05 (2.06) 4.06 (1.45) 3.85 (1.74) 2.75 (1.25) 7.74 (2.02) 8.65 (2.43)
d2-R Concentration 174.07 (49.14) 197.95 (45.80) 172.00 (63.32) 195.59 (46.46) 86.81 (75.06) 160.87 (78.06)
d2-R Accuracy 189.36 (48.81) 212.34 (43.20) 183.73 (63.52) 208.46 (48.49) 138.39 (67.19) 194.13 (55.52)
d2-R Errors (%) 9.26 (11.18) 6.41 (7.00) 10.48 (19.38) 7.02 (7.02) 37.71 (38.33) 19.14 (32.55)
d2-R Omission error 15.44 (19.57) 13.62 (19.35) 14.28 (13.62) 13.85 (17.06) 35.08 (52.88) 24.33 (40.12)
d2-R Confusion error 0.86 (1.51) 0.51 (1.04) 0.92 (1.49) 0.62 (1.37) 19.08 (30.90) 9.82 (26.61)
d2-R Letter error 0.26 (0.91) 0.10 (0.092) 0.47 (1.86) 0.28 (1.58) 12.50 (22.41) 5.86 (15.81)
NEO-FFI Neuroticism 32.17 (7.72) 13.82 (7.33) 12.68 (9.16) 7.38 (5.50) 40.82 (6.33) 38.26 (9.53)
NEO-FFI Extraversion 18.66 (8.13) 31.60 (6.48) 32.38 (7.38) 36.10 (6.15) 9.47 (6.21) 10.96 (8,66)
NEO-FFI Openness 26.67 (7.58) 32.17 (6.51) 30.93 (5.77) 32.82 (5.51) 17.76 (7.34) 17.92 (7.71)
NEO-FFI Agreeableness 30.70 (6.21) 34.30 (5.97) 35.47 (5.39) 37.62 (6.20) 20.72 (8.44) 20.20 (8.99)
NEO-FFI Conscientiousness 28.27 (7.72) 36.34 (5.84) 41.37 (6.76) 43.01 (6.00) 20.20 (9.04) 16.21 (10.45)
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(p = 0.033), where controls showed stronger distortion ten-
dencies. In the d2-R performance test, controls showed 
stronger faking effects for accuracy (p < 0.001), confusion 
errors (p = 0.01), letter errors (p = 0.005) and omission errors 
(p = 0.037), while patients showed stronger faking effects for 
concentration (p < 0.001). All comparisons are summarized 
in Online Resource 3.

Predictive performance of the classifiers is summarized 
in Table 4. Peak classification rates were achieved by the 
random forest model in the simulation scenario and the 
XgBoost model in the dissimulation scenario. All learn-
ers showed performance superior to the logistic regression 
model, no significant differences could be found between 
performances of remaining classifiers. Inference statistical 
performance comparisons of the classifiers are summarized 
in Online Resource 4. Within each scenario a minimum of 
89% of the cases could correctly be classified by the respec-
tive algorithms.

Predictor-importance plots of the most accurate mod-
els in each scenario are displayed in Fig. 5. The listed pre-
dictors represent a class of items with commonly altered 
responses by test takers in the faking scenario, as they would 

not be answered the same way under authentic conditions. 
Predictor-importance estimation showed high contributions 
of translucent, strongly worded items as well as invariabil-
ity statements. For example, the 47th SFSS item “I feel 
depressed all of the time.” was affirmed in only five cases 
by depressed patients in the authentic condition; however, 
controls affirmed the statement 111 times in the simulation 
condition. Similarly, in the performance test d2-R, the letter 
confusion error, in which the letter “g” is crossed out instead 
of the letter “d”, was made very rarely under authentic con-
ditions (M = 0.255), whereas for controls, who in theory 
would be expected to show better cognitive performance, 
the error was more frequently observed (M = 5.86).

After training the algorithms for the minimization of 
the penalized false-positive-rate (pFPR), 58.1% of the 
patients were correctly identified in the dissimulation 
scenario, when only those subjects were positively clas-
sified who had a class-probability of above 95%, while 
in the simulation scenario 49.5% of the controls were 
correctly identified.

Since the SFSS questionnaire inherently includes 
items that are sensitive to the malingering of clinical 

Fig. 4   Mean score differences across conditions. Significant interac-
tion effects are marked by parenthesis. Asterisk shows significance on 
p < .01. a Differences in BDI-II mean score. b Differences in SCL-
90-R (depression scale) mean score. c Differences in NEO-FFI neu-

roticism dimension mean score (other personality dimensions can be 
found in the supplementary materials of the article). d d2-R concen-
tration performance mean score (other performance measures dimen-
sions can be found in Online Resource 3)
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Table 3   Results of linear mixed 
model analyses

Estimate estimated parameter value, SE standard error of the parameter estimate, df degrees of freedom, t 
t-value, p probability of committing a Type-I-error; intercept centered on authentic response; conditional 
R2 combines variance explained by fixed and random effects

Estimate SE df t p

BDI-II
 Intercept 27.02 0.86 1053.80 31.33 < 0.001
 Authentic vs. faking bad 21.41 1.19 706.00 18.00 < 0.001
 Authentic vs. faking good − 22.27 1.19 706.00 − 18.73 < 0.001
 Faking bad vs. faking good − 43.68 1.19 706.00 − 18.73 < 0.001
 Diagnosis − 23.93 1.13 1053.80 − 21.09 < 0.001
 Diagnosis × faking bad vs. diagnosis × authentic 20.17 1.56 706.00 12.89 < 0.001
 Diagnosis × faking good vs. diagnosis × authentic 20.52 1.56 706.00 13.12 < 0.001
 Diagnosis × faking bad vs. diagnosis × faking good 0.348 1.56 706.00 0.223 0.82
 Conditional R2 0.79

SCL-90-R
 Intercept 24.47 0.73 1057.40 33.56 < 0.001
 Faking bad vs. authentic 17.23 1.02 706.00 16.95 < 0.001
 Faking good vs. authentic − 20.29 1.02 706.00 − 19.96 < 0.001
 Faking bad vs. faking good − 37.52 1.02 706.00 − 36.91 < 0.001
 Diagnosis − 21.57 0.96 1057.40 − 22.49 < 0.001
 Diagnosis × faking bad vs. diagnosis × authentic 17.67 1.34 706.00 13.21 < 0.001
 Diagnosis × faking good vs. diagnosis × authentic 18.81 1.34 706.00 14.06 < 0.001
 Diagnosis × faking bad vs. diagnosis × faking good 1.13 1.34 706.00 0.85 0.397
 Conditional R2 0.78

NEO-FFI Neuroticism
 Intercept 32.17 0.65 1054.90 49.19 < 0.001
 Faking bad vs. authentic 8.65 0.90 706.00 9.57 < 0.001
 Faking good vs. authentic − 19.49 0.90 706.00 − 21.56 < 0.001
 Faking bad vs. faking good − 28.14 0.90 706.00 − 31.12 < 0.001
 Diagnosis − 18.34 0.86 1054.90 − 21.32 < 0.001
 Diagnosis × faking bad vs. diagnosis × authentic 15.78 1.19 706.00 13.26 < 0.001
 Diagnosis × faking good vs. diagnosis × authentic 14.08 1.19 706.00 11.84 < 0.001
 Diagnosis × faking bad vs. diagnosis × faking good − 1.70 1.19 706.00 − 1.43 0.154
 Conditional R2 0.74

d2-R Concentration (number of correct hits minus errors)
 Intercept 173.76 4.97 891.10 34.95 < 0.001
 Faking bad vs. authentic − 87.08 5.88 699.20 − 14.80 < 0.001
 Faking good vs. authentic − 1.95 5.89 700.30 − 0.33 0.740
 Faking bad vs. faking good 85.12 5.89 697.60 14.45 < 0.001
 Diagnosis 24.14 6.55 891.10 3.69 < 0.001
 Diagnosis × faking bad vs. diagnosis × authentic 49.98 7.75 699.00 6.45 < 0.001
 Diagnosis × faking good vs. diagnosis × authentic − 0.42 7.75 699.90 − 0.05 0.957
 Diagnosis × faking bad vs. diagnosis × faking good − 50.40 7.75 698.70 − 6.50 < 0.001
 Conditional R2 0.48

d2-R Letter confusion errors
 Intercept 0.85 0.90 1049.00 0.96 0.339
 Faking bad vs. authentic 11.64 1.27 703.60 9.19 < 0.001
 Faking good vs. authentic − 0.39 1.27 705.20 − 0.30 0.761
 Faking bad vs. faking good − 12.03 1.27 702.00 − 9.47 < 0.001
 Diagnosis − 0.35 1.18 1049.00 − 0.29 0.770
 Diagnosis × faking bad vs. diagnosis × authentic − 6.30 1.67 703.70 − 3.77 < 0.001
 Diagnosis × faking good vs. diagnosis × authentic 0.15 1.67 704.60 0.092 0.927
 Diagnosis × faking bad vs. diagnosis × faking good 6.45 1.67 703.30 3.86 < 0.001
 Conditional R2 0.14



163European Archives of Psychiatry and Clinical Neuroscience (2020) 270:153–168	

1 3

symptoms, the analysis was repeated to reassure that 
classification rates would remain stable without the con-
tribution of the SFSS items. Predictive performance of 

the reduced models remained at an accuracy of 88.1% in 
the simulation scenario (random forest) and at 88.4% in 
the dissimulation scenario (XgBoost).

Table 4   Summary of model performance measures

Mixed sample included n = 150 authentically responding patients and n = 150 simulating controls; patient sample included n = 150 authentically 
responding patients and n = 150 dissimulating patients; P = 115 = predictors
Svm support vector machines, gbm stochastic gradient boosting, AUC​ area under the curve of the receiver operating statistic curve

Predicting simulation in balanced mixed sample (n = 300; P = 115)

Model Accuracy Sensitivity Specificity AUC​

Logistic regression 0.75 0.76 0.73 0.792
Random forest 0.89 0.88 0.91 0.957
svm 0.88 0.85 0.91 0.939
gbm 0.88 0.86 0.91 0.956
XgBoost 0.88 0.85 0.91 0.954

Predicting dissimulation in balanced patient sample (n = 300; P = 115)

Model Accuracy Sensitivity Specificity AUC​

Logistic regression 0.78 0.81 0.75 0.830
Random forest 0.89 0.88 0.89 0.949
svm 0.88 0.87 0.88 0.943
gbm 0.88 0.90 0.86 0.943
XgBoost 0.89 0.88 0.90 0.950

Fig. 5   Predictor performance plots. Increase in mean classification error (mmce) after permutation of item scores. a Items with significant con-
tribution to the detection of simulation. b Items with significant contribution to the detection of dissimulation



164	 European Archives of Psychiatry and Clinical Neuroscience (2020) 270:153–168

1 3

Discussion

In accordance with our primary hypothesis, fakeability of 
commonly used screening tests for depressive and associ-
ated symptoms could be demonstrated in a standardized 
design. While qualitative differences in specific strategies 
of distorting individual responses between patients and 
controls cannot be commented on in this context, quan-
titatively significant convergence of symptomatic scores 
in both faking conditions suggests that both depressed 
patients and healthy controls have the cognitive abil-
ity as well as the motivational compliance to alter their 
test results both in a more salutary and in an aggravated 
manner. These results contradict our second hypothesis. 
Touching upon the third objective of the study, faking 
could be systematically predicted for clinically depressed 
patients, healthy controls, and mixed samples by use of 
machine learning algorithms: the algorithmic capability 
to detect faking behavior reached predictive accuracies 
between 75 and 89%.

In compliance with the gathered evidence, it is indi-
cated that psychological measures that are commonly 
selected by reason of their time-saving applicability and 
compactness, are susceptible to distortions; their validity 
for deriving accurate diagnoses of clinical depression is 
therefore questionable. Justification of test selection by 
accessibility or habitual preference instead of scientific 
reasoning should generally be avoided [81]. Hence, the 
practice of psychological depression screening is in need 
of reform and restructuring and the construction of more 
valid instruments for symptomatic severity exploration is 
necessary. Considering the length of clinical tests contain-
ing precautions for response malingering, finding a good 
balance between practicability and psychometric rigidity 
should be the objective for future test development. Hence, 
it appears more reasonable to broaden the fundament of 
clinical assessment and faking-detection by integrat-
ing more versatile units of analysis into the assessment 
process, as has been previously postulated in the NIMH 
Research Domain Criteria (RDoC) [82]. To this effect, 
self-reported measures have to be completed by physio-
logical and behavior measures as well the as the intuition 
of experienced assessors.

Interestingly, while specific cognitive domains that are 
relevant to the deliberate distortion of test results (general 
mental ability, ability to reflect and self-understanding, 
motivation, frame of reference, self-concept) have been 
shown to qualitatively differ between depressed patients 
and healthy controls [10–14], this does not generally seem 
to affect the patient’s capability to present themselves in a 
different light. However, the difference in magnitude of the 
faking effect between both groups may have been biased 

by ceiling and floor effects, respectively, as patients and 
controls were not psychometrically able to further reduce 
or increase their scores in the faking conditions. Results 
of comparing the total faking effect suggest equally strong 
tendencies of test distortion in self-report inventories for 
both patients and controls, while performance tests show 
unsystematic differences across several measures. In spite 
of the quantitative convergence of the scores, the process 
of distorting the self-reports may be qualitatively different 
for patients than for healthy individuals. An investigation 
of these processes using cognitive interview techniques 
[83] would give valuable insights, as has been done in the 
domain of applicant faking [24].

Regarding the prevalence of faking and its costs for the 
medical system, higher rates of simulation-detection would 
indirectly relieve the economic demands in public welfare 
and medical care by supplying a more grounded decision-
making process for policy makers and decision-makers in 
the medical system. Furthermore, the detectability of faking-
good in clinical inpatient settings could provide for more 
precise monitoring of the severity of depressive symptoms 
as well as better availability of resources for people who 
need them. However, direct effects of faking detection on 
public saving potentials remain hypothetical and would have 
to be investigated empirically.

To our knowledge, no study exists, which has used a com-
parable study design to investigate faking within a sample 
of depressed and healthy individuals concerning depressive 
symptoms. While research on simulation and dissimulation 
has to the most extent been performed in the areas of person-
ality assessment and personnel selection [84, 85], research 
in the clinical domain was predominantly focused on the 
validity of individual tests [86, 87]. Several methods have 
been investigated to reduce the possibility and motivation to 
fake psychological test results; however, they posit consider-
able caveats that can be avoided by applying the supervised 
learning approach. Generally, the detection accuracy of the 
classifiers was higher (at least by 20%) than that reached 
by the aforementioned psychophysical and response time 
approaches as well as by the IRT-approaches. Hence, their 
application would involve a considerable gain in validity 
of self-report-based test results as compared to the estab-
lished methods. The classification algorithms also bypass 
the problems linked to the application of warning statements 
(honesty suppression and the challenging of more sophisti-
cated faking strategies), since they are exclusively used on 
the existing data. Therefore, neither cognitive resistance nor 
a change in response behavior would occur in the completion 
of the original tests.

To put the predictive accuracy of the presented algo-
rithms into perspective, two main issues should be consid-
ered: first, while experimental induction of faking is a rea-
sonable way to reliably investigate its influence on the test 
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results, it can be assumed to inflate the differences between 
the conditions and consequentially the detection rate of the 
algorithms. It would therefore be insightful to repeat a com-
parable design within two samples that can be differentiated 
by their inherent desire to distort their test results, for exam-
ple on basis of monetary incentives or through quasi-experi-
mental sample selection and double-blind designs. Second, 
an accuracy of 89% is a considerable increase compared 
to other methods; however, it is not necessarily sufficient 
for high-stake decisions. In the context of faking, reducing 
the false-positive-rate (1-Specificity) seems most important: 
patients who factually are more severely affected by depres-
sive symptomatology are more likely to be categorized as a 
faker, and at the same time especially in need of social and 
medical support. While the false-positive-rate (FPR = 0.9) is 
relatively lower than the false-negative-rate (FNR = 0.12) in 
our study, it is still higher than the postulated 5%-criterion. 
One attempt to counteract this problem has been suggested 
by conservatively penalizing the FPR in the classification 
process. Partial AUC estimation could be another possible 
solution to reduce the likelihood of false positives [88, 89]. 
However, keeping in mind the limited sample size (N = 300) 
in this study, significant improvement potential and more 
extensive generalizability can be anticipated after further 
training of the algorithms.

One limitation of the current approach is the remaining 
potential of mislabeling in the data set. Diagnoses of trained 
experts using gold-standard clinical interviews (SCID-
I) were the basis of the subsample allocation (depressed 
patients vs. healthy controls) in this study. However, ironi-
cally the chance of faking also exists in this initial instance of 
classification. While it can be assumed that the vast major-
ity of patients included in the study indeed displayed real 
depressive symptoms, there would still be a certain degree 
of invalidity in the classes that were regarded to be authen-
tic in the analyses. Furthermore, expansion of the database 
available for the training and evaluation of the classifiers is 
restricted to the applied experimental paradigm or a more 
valid version of it, hence, it cannot simply be updated with 
real-world data.

The results of the predictor-importance analyses 
give us new insights for the construction of more valid 
screening instruments, as there appear to be test items 
that distinguish particularly well between symptoms, that 
depressed patients actually report and characteristics that 
are wrongfully assumed to be relevant or realistic by test 
takers who try to appear depressed. Such highly selective 
items, which only experts of the field would recognize 
as unrepresentative for specific disorders, would be a 
considerable advance from the classically used “bogus 
items”[90, 91] and could be systematically included as 
validity markers in psychometric instruments. In perfor-
mance tests, this includes error-types that are not usually 

made. This has previously been shown for the letter con-
fusion error in the d2-R [92], which under normal con-
ditions does not even happen to patients with cognitive 
impairments. Since translucent, strongly worded items 
and invariability statements showed particularly high 
contributions in the classification, there should be certain 
marker items included in each test, which are fully deter-
ministic in their scope and extreme in their formulation, 
as not even severely depressed patients would agree to 
them. Interestingly, in case of the dissimulation absence 
of the key-symptoms of depression, as reported in the 
BDI-II, such as the loss in interest, sadness and fatigue 
seem to indicate intentional distortions particularly well. 
This makes sense under the assumption that the omis-
sion of a minimum of two of the key-symptoms would 
lead to the patient being diagnosed as healthy, which was 
explicitly controlled for in the sample. Furthermore, the 
results of the predictor-importance analyses show con-
siderable overlap with previously performed network 
analyses for IDS-C depressive symptoms in which, for 
example, interest loss and appetite change showed high 
node strength centrality [93]. Hence, those symptoms 
particularly central to the diagnosis of a disorder seem 
to play a role in the detection of response distortions 
for the same disorder as well. While model-naïve vari-
able importance can give clues, which items or groups of 
items may be informative for a valid classification, it has 
to be pointed out, that none of the items by themselves 
can be used as a single predictor to detect faking, as their 
isolated contribution to the classifier performance was 
relatively low.

Beside their statistical feasibility, the issue of practi-
cal applicability of the algorithms in real-world scenarios 
has to be broached along with the question whether these 
instruments for faking detection should or should not be 
used. Taking into account the prerequisite of test validity 
for the evidential and ethical demands in psychological 
assessment [94], the faking problem has to be efficiently 
addressed. The results suggest, that machine learning algo-
rithms have the potential to exceed predictive accuracies 
achieved by conventional methods of faking detection, 
while retaining highly dynamic capacities to react to new 
strategies or response patterns. However, advantages and 
disadvantages of their implementation should equally be 
addressed:

Exclusive relying upon high-dimensional classifiers 
would potentially diffuse responsibility from human stake-
holders and outsource decisions that should always be made 
by human assessors in the last instance. While precise accu-
racies can be achieved by the resampling-based algorithms, 
the empirical approach to classification in some instances 
posits a black-box phenomenon, which cannot yet be entirely 
dismantled. It also has to be kept in mind that the classifiers 
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in the present study used a complex battery of tests instead of 
just a single test, as is often the case in clinical assessments.

Future objectives to further improve the classification 
algorithms could include the incorporation of informa-
tive predictors additional to the inherent test items. For 
example, psychophysical measures such as eye-tracking 
[1] and reaction time limitations [45] are valid indicators 
of faking behavior, even though their isolated use is not 
predictive enough. Instead of maximizing precision in 
specific scenarios, more generalized classifiers for the 
detection of response manipulation could be developed 
in future studies, using multi-lable classification. This 
would enable simultaneous detection of simulation and 
dissimulation. Furthermore, systematic test analyses for 
error-types or untypical responses that are particularly 
good indicators for faking would benefit predictor selec-
tion and algorithmic performance.

Conclusion

Commonly used tests in the screening for depressive and 
associated symptoms can be manipulated both by depres-
sive patients as well as healthy controls. General assess-
ment validity has to be increased by integrating more 
versatile units of analysis as predictors for symptomatic 
severity and not solely relying on self-reported measures. 
Due to their high predictive precision, faking-detection 
algorithms could significantly advance the objective of 
valid psychological assessment. However, they should 
be treated as only one of several warning signals in a 
multi-methodological faking mitigation approach. As 
such, they cannot completely replace intuition of trained 
and experienced assessors.
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