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Abstract 29 

This study provides the first representative analysis of error estimations and error tolerance in a 30 

Western country (Germany) with regards to algorithmic decision-making systems (ADM). We examine 31 

people’s expectations about the accuracy of algorithms that predict credit default, recidivism of an 32 

offender, suitability of a job applicant, and health behavior. Also, we ask whether expectations about 33 

algorithm errors vary between these domains and how they differ from expectations about errors made 34 

by human experts. In a nationwide representative study (N=3,086) we find that most respondents 35 

underestimated the actual errors made by algorithms and are willing to tolerate even fewer errors than 36 

estimated. Error estimates and error tolerance did not differ consistently for predictions made by 37 

algorithms or human experts, but people’s living conditions (e.g. unemployment, household income) 38 

affect domain-specific tolerance (job suitability, credit defaulting) of misses and false alarms. We 39 

conclude that people have unwarranted trust in the competence of ADM systems and evaluate errors 40 

in terms of potential personal consequences. Given the general public’s low error tolerance, we further 41 

conclude that acceptance of ADM appears to be conditional to strict accuracy requirements. 42 

 43 

Significance Statement 44 

- The general public in Germany overestimates the accuracy of algorithmic decision-making 45 

systems (ADM) in predicting recidivism and credit scoring. 46 

- At the same time the public tolerates even fewer ADM errors than actually occur. 47 

- Error tolerance reflects personal conditions and is specific to error types and domains.  48 

  49 
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Introduction 50 

This study provides the first representative analysis of error estimations and error tolerance in 51 

a Western population (in Germany) with regards to specific algorithmic decision-making (ADM) 52 

systems. We examine how accurately algorithms are expected to perform in predicting credit 53 

defaulting, recidivism of an offender, suitability of a job applicant, and health behavior. 54 

Algorithmic decision-making (ADM (1)) continues to spread into everyday life. At the same 55 

time, claims, risks (2-4), and implementations related to ADM are under debate, e.g. in criminal risk 56 

assessment (5-7) or allocation of public resources (8). Despite these controversies, it remains unclear 57 

what the general public knows about ADM potential, other than that the concept of algorithms is little 58 

understood (9). The public debate centers on laypeople’s trust in and fear of algorithms (10). Yet these 59 

emotions are not independent of knowledge; they could result from misjudging ADM potential. 60 

Overestimating the accuracy of decision support could be associated with unwarranted trust in the 61 

competence of algorithms (as opposed to affective trust (11) or trust in motives (12)), while fear could 62 

arise from overestimating algorithm failures.  63 

Research on algorithm aversion and appreciation (1, 13) examines both the circumstances 64 

under which people trust algorithmic advice (13, 14)—for instance because they perceive the decision 65 

problem in question to be objective or to require mechanical skills (15) or because they lack 66 

confidence in their own expertise—and the circumstances under which they are mistrustful, for 67 

instance (16, 17), in response to slow algorithm responses or to observing algorithm errors. 68 

Surprisingly, the expected level of accuracy of algorithms and the perceived competence (12) of 69 

algorithmic advice are largely neglected in research on the general population. Fifty-eight percent of 70 

Americans expect some level of human bias in ADM systems, and 47% and 49% respectively believe 71 

that resume screening of job applicants and scoring for parole are effective (10). Similarly, the Dutch 72 

population often evaluates automatic decisions in favor of AI systems (e.g. as being more useful) 73 

compared with humans (18). In the present article, we aim to reduce this gap and investigate what the 74 

general public expects regarding the accuracy of ADM in the financial, legal, occupational, and health 75 

domains. We ask people what they believe are the actual error rates made by ADM and how many 76 

errors they consider to be acceptable (1, 17) and check whether their responses meets current ADM 77 

accuracy standards (in the financial and the legal domain). To the best of our knowledge, this is the 78 

first study comparing error estimates and error tolerance of ADM.  79 
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In the US, people’s attitudes towards algorithms has been found to be highly context-specific 80 

(10). We therefore also examine whether the degree of error tolerance is associated with personal 81 

conditions, e.g. a risk-seeking preference (19). Classifying ADM systems can balance two different 82 

types of errors, misses and false alarms, each associated with different consequences (costs). 83 

Thinking about types of decision errors and related costs can affect tolerance of errors (e.g. ‘bias’ in 84 

signal detection theory (20); cost-sensitive error management (21)), and this tolerance may differ in 85 

the legal (22) and in the medical domain (23). From the perspective of an unemployed person, for 86 

instance, mistakenly being overlooked for a job by an ADM (a miss) is likely more costly than being 87 

hired in spite of being unsuitable (a false positive). In our analysis, we therefore relate assessed error 88 

tolerance to critical factors such as unemployment phases. Also, we compare error tolerance with the 89 

typical error preference of exemplary stakeholders (e.g. non-recidivating offenders want to avoid a 90 

false alarm). We additionally explore factors that may influence algorithm error tolerance and 91 

underlying attitudes towards technology, such as risk preference (24), gender (9, 25), and age (26). 92 

For instance, only one third of US-Americans above 50 years of age compared with half of those 18 to 93 

29 years of age believe that algorithms can be free of human biases (10). 94 

Finally, we compare error estimation and tolerance regarding algorithmic and expert advice 95 

across domains. Earlier studies indicate that in the medical domain, people prefer human experts over 96 

automated care because, among others, they believe that individual circumstances are neglected by 97 

machines (27). People were also found to trust computers less than physicians to make good 98 

recommendations (28) and, crucial for error perception, to consider algorithm-based advice as being 99 

less accurate than a clinicians’ advice (29). In the domain of people analytics, human interviewers are 100 

also assumed to be more accurate and useful than algorithmic decision-aids (30). At least for those 101 

two domains, the few existing studies thus indicate that people perceive algorithms to make more 102 

errors than human experts do. On the other hand, bestseller authors and commercial companies have 103 

aggressively promoted “AI”—which in some instances has demonstrated better performance for 104 

selective tasks (e.g. image classification(31) and deceptive text detection(32))—as being superior to 105 

human experts by underscoring the accomplishments of algorithms based on big data that have, for 106 

instance, beaten the best Go players and, as in the case of IBM’s supercomputer Watson, promise to 107 

revolutionize health care. From that point of view, “it would be madness not to follow their advice” (33).  108 

We conducted a survey of a large population-representative sample of members of private 109 

households in Germany (by means of the Innovation Sample of the German Socio Economic Panel 110 
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Study, SOEP IS). In the survey, 3,086 respondents were questioned about estimated and accepted 111 

error rates in current credit scoring (introductory task) before being randomly assigned to decision 112 

scenarios either on algorithms or on experts (between-subjects). Respondents were requested to 113 

provide estimated and accepted error rates in a people analytics problem (predicting a suitable job 114 

candidate), a legal problem (predicting recidivism of an offender), and a health problem (evaluating 115 

health behavior). For instance, respondents were asked with respect to ADM and recidivism: “In the 116 

US judiciary, offenders are regularly reviewed for early release. The computer program COMPAS 117 

assesses whether a criminal will recidivate and commit another crime within the next 2 years. Now 118 

please imagine a group of 100 offenders who are actually at risk of recidivism: How many of them do 119 

you think the computer program incorrectly assesses as not being at risk of recidivism [estimated miss 120 

rate]? What would you personally find acceptable: How many of these 100 offenders at most could be 121 

wrongly assessed as not being at risk of recidivism by the computer program [accepted miss rate]? 122 

Now please imagine a group of 100 offenders who are not at risk of recidivism: How many of them do 123 

you think the computer program wrongly considers to be at risk of recidivism [estimated false alarm 124 

rate]? What would you personally find acceptable: How many of these 100 offenders at most could be 125 

wrongly estimated to be at risk of recidivism by the computer program [accepted false alarm rate]?” 126 

 127 

Results  128 

Estimated and accepted error rates of ADM systems 129 

Across domains and types of errors, about one in every four algorithmic decisions was 130 

estimated to be wrong (Figures 1A-D), with the lowest estimates of errors for credit scoring (Figure 131 

1D). Only a few respondents believed in perfect algorithm (or expert) performance (Table S1).  132 

Minimally more false negatives than false positives were estimated for the algorithmic 133 

prediction of recidivism (F(1,1314) = 15.75, P < .001, ηp
2 = 0.01), but false negatives were considered 134 

less acceptable (F(1,1321) = 4.32, P = .038, ηp
2 < 0.01). For the algorithmic evaluation of health 135 

behavior (Figure 1C), more false positives (falsely healthy) than false negatives were estimated 136 

(F(1,1297) = 39.17, P < .001, ηp
2 = 0.03) and considered acceptable (F(1,1310) = 22.76, P < .001, ηp

2 137 

= 0.02).  138 

Notably, there is a consistent and large difference between the estimated and maximally 139 

accepted rates of algorithm error across all four domains. Expressed in percentage points, the 140 

differences in false positives (FP) and false negatives (FN) are for application suitability (ΔFP = 17, ΔFN 141 
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= 17), for recidivism (ΔFP= 18, ΔFN = 21), for health behavior (ΔFP = 17, ΔFN = 16), and for credit scoring 142 

(ΔFP = 14, ΔFN = 14).  143 

 144 

1A 1B 

  

1C 1D 

  

Figures 1A-D: Estimated and accepted rates of false positives and false negatives related to the 145 

assessments of job suitability (1A), recidivism (1B), and health behavior (1C) by algorithms and 146 

experts, and to credit scoring (1D). Data are weighted for representativeness. Error bars show the 147 

standard errors of the mean. For predicting credit defaulters, estimates of expert errors were not 148 

elicited.  149 

 150 

 151 

 152 
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Estimated and actual errors of ADM systems 153 

To assess whether estimated algorithm errors correspond to actual errors, we compared 154 

respondents’ estimates with actual performance metrics for recidivism and credit scoring algorithms 155 

(for the scenarios of health behavior and people analytics, reliable metrics are not publicly available). 156 

For credit scoring, most respondents’ estimated error rates (false positives and false negatives) were 157 

substantially lower than those reported by the German SCHUFA, which is the major credit scorer in 158 

Germany. SCHUFA reports an accuracy of .81 of its (banking) credit score in terms of the value of the 159 

area under the receiver operating curve (AUC) (34). This is lower than the unweighted AUC of 0.90 160 

that we calculated based on median sensitivity (.90) and specificity (.90) of respondents’ estimates. 161 

Figure 2A (left) shows each of the respondents’ estimates for the false negative rate and false positive 162 

rate, expressed as sensitivity (1 – false negative rate) and 1 - specificity (false positive rate). Each dot 163 

corresponds to one respondent. The vast majority of dots are in the top left corner, that is, show a very 164 

high estimated sensitivity (low miss rate) and a low false alarm rate. The kinked line corresponds to 165 

the actual AUC as reported by the SCHUFA. Given that the SCHUFA does not provide data for the 166 

entire curve, we represent the value of .81 as a best case with assumed error balance. This is shown 167 

with the kinked line that is symmetric around the top-left to bottom-right diagonal. Relative to this line, 168 

the points above represent overestimation and the points below represent underestimation of the 169 

accuracy of the credit scoring algorithm.   170 

The same analysis is shown for the prediction of recidivism in Figure 2B (right).  The accuracy 171 

of the widely used COMPAS algorithm (General Recidivism Risk Scale) is lower than that of the credit 172 

scoring algorithms, with an AUC of .68 (5). Again, the vast majority of the respondents overestimated 173 

its accuracy. Respondents’ median estimated sensitivity (.80) and specificity (.80) correspond to an 174 

unweighted AUC of .80. In other words, the performance of the algorithm does not meet the 175 

population’s expectations as expressed in estimations and acceptance. We characterize this gap, and 176 

to whom it is relevant, in the following section. 177 

 178 

 179 

 180 

 181 

 182 
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2A 2B 

  

Figure 2: Respondents vastly overestimate the accuracy of algorithms for credit scoring and recidivism 183 

prediction. The scatterplots show each respondent’s estimates of the false positive rate (1 - specificity) 184 

and false negative rate (shown as its complement, the sensitivity) in credit scoring (n = 2,740) and in 185 

recidivism prediction (n = 1,325). Each point corresponds to one respondent. The kinked line shows 186 

simplified ROC curves for current credit scoring accuracy (SCHUFA Credit Score algorithm, 187 

AUC=0.81) and for recidivism prediction (COMPAS algorithm, AUC=0.68).  188 

 189 

Acceptance of different errors made by ADM systems 190 

To interpret tolerated errors, their base rates have to be taken into consideration. What counts for an 191 

individual decision are the posterior probabilities (how likely a certain prediction is correct or incorrect), 192 

not the miss rates and false alarm rates. In a first step, by linking the rates of accepted algorithms 193 

errors (weighted for representativeness) and the reported base rates of 30.6% for recidivism (within 194 

four years, any offense, both genders; Table 2 in (35)) and of 2.1% for credit defaulting (within one 195 

year (36)), we calculated the implied posterior probabilities. As the Figures 3A-B) show, the accepted 196 

minimum positive predictive value (PPV) for recidivism is about 91%, whereas that of credit defaulting 197 

is only 63%, despite the credit algorithm being more accurate than the one for recidivism.   198 

  199 
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3A 

 

3B 

 

Figures 3A-B: Natural frequency trees (37) of algorithm error acceptance for base rates of 30.6% 200 

recidivists (3A) and of 2.1% credit defaulters (3B), and comparison of minimum performance 201 

acceptance (posterior probabilities) of respondents with performance ideals of exemplary 202 

stakeholders. Posteriors shown are the acceptable minimum PPV (positive predictive value; e.g. that a 203 

person will commit another crime if testing positive), minimum NPV (negative predictive value: e.g., 204 

that a person will not commit another crime if testing negative), maximum FOR (false omission rate = 205 

1-NPV), and maximum FDR (1 - PPV); TP (true positive), TN (true negative), FP (false positive), FN 206 

(false negative). Note that depicted averages of individual posteriors are not equal to theoretical 207 

posteriors based on the depicted aggregated TPs, FPs, TNs, and FNs. 208 

 209 
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In a second step, we compared the calculated posterior probabilities of error acceptance with 210 

ideal posteriors according to different stakeholders’ goals (Figures 3A-B). For algorithm developers, 211 

the key goal is increasing PPV (precision) in the direction of 100% (38). An offender at risk of 212 

recidivism, in contrast, wants to falsely test negative and be released, that is, a test with a high FOR. 213 

In contrast to offenders at risk, those not at risk have an interest in not being falsely diagnosed as at 214 

risk of recidivism (low FDR). Finally, potential victims of defenders on bail will demand tests that 215 

maximize NPV towards 100%, that is, the probability that offenders will not commit another crime if 216 

they are tested negative and are released. The comparison showed that people’s preferences for 217 

recidivism prediction overlap with performance ideals of developers, of potential victims, and of non-218 

recidivating offenders, but not with recidivating offenders: False negatives were considered less 219 

acceptable than false positives. 220 

Figure 3B provides similar examples of conflicting interests for predicting default. For instance, 221 

landlords and lenders do not want to contract with defaulting consumers; thus, their goal is to reach an 222 

NPV that approaches 100%. Customers at risk of default, in contrast, profit from tests that have low 223 

NPV, which is equivalent to high FOR. People’s error tolerance did partially match performance ideals 224 

of the developers. Of note, our sample signaled substantial dissimilarity with non-defaulters because 225 

many false positives, and more of them than false negatives, were considered acceptable. 226 

Based on the insight that posteriors in the interest of multiple stakeholders can only be 227 

partially achieved, it is examined in the following how error tolerance in general could depend on 228 

personal consequences from errors in specific domains. 229 

 230 

Factors of domain-specific error acceptance 231 

A linear regression (FFP(6, 1124) = 52.79, P < .001, Rcorr
2 = 0.22) that controlled for error 232 

estimations and age-, income-, and gender-specific differences in accepting algorithms’ and experts’ 233 

errors showed that reporting phases of unemployment in the past ten years (std. β = 0.10) went along 234 

with generally increased acceptance of falsely assessed suitability. In contrast, overlooking suitable 235 

job candidates (FFN(6, 1125) = 49.35, P < .001, Rcorr
2 = 0.20) was less accepted by men (std. β = -236 

0.09) and by older people (std. β = -0.08). 237 

Furthermore, linear regressions (FFN(5, 1685) = 29.93, P < .001, Rcorr
2 = 0.08) revealed that 238 

misses (false negatives) of recidivating offenders were less accepted by younger respondents (std. 239 

βFN = 0.08), those with higher income (std. βFN = -0.07), and women (std. βFN = -0.08). Similar 240 
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relationships were not observed for false positives, with FFP(5, 1669) = 40.66, P < .001, Rcorr
2= 0.11, 241 

and generally not in the case of the evaluation of health behavior (FFP(8, 1625) = 42.39, P < .001, 242 

Rcorr
2= 0.17; FFN(8, 1635) = 66.43, P < .001, Rcorr

2= 0.24), even if controlling for body mass index, 243 

health, and insurance status. 244 

With regards to errors in credit scoring, fewer false negatives were accepted (F(5, 1733) = 245 

115.03, P < .001, Rcorr
2 = .25) by older respondents (std. βFP = -0.05) and those reporting higher 246 

household income (std. βFP = -0.07). The latter also accepted fewer false positives (std. βFP = -0.05), 247 

(F(5,1738) = 88.10, P < .001, Rcorr
2 = .20).   248 

In sum, laypeople take into account potential benefits and harms of certain types of errors, 249 

regardless of who or what caused the error. In the last step, we examined the differences in 250 

estimations and acceptance of errors made by ADM systems and experts. 251 

 252 

Experts vs. algorithms  253 

We analyzed whether estimated and accepted errors vary for ADM and human experts (Table S2). A 254 

3x2x2 ANOVA (advisor x type of error x domain) indicated no general difference (F(1,2446) = 0.14, P 255 

= .707) between expert and algorithm error estimations but that these differed depending on the 256 

domain (F(1,4892) = 11.79, P < .001, ηp
2 = 0.01) and on the type of error within the domain (F(2,4892) 257 

= 32.81, P < .001, ηp
2 = 0.01). For algorithms, (4.6 percentage points) lower rates of false negatives 258 

were estimated in the case of suitable applicants (F(1,2622) = 78.50, P < .001, ηp
2 = 0.03). However, 259 

minimally higher error rates were estimated for recognizing healthy behavior, where false positives 260 

and false negatives are estimated to be 1.1 and 2.0 percentage points higher, respectively, for ADM 261 

than for humans (F(1,2567) = 8.87, P < .001, ηp
2 < 0.01). 262 

Differences in acceptance of errors made by algorithms or experts depended on the domain 263 

(F(1,4896) = 3.08, P = .046, ηp
2 < 0.01) and on the type of error within the domain (F(1,4896) = 3.45, P 264 

= .032, ηp
2 = 0.01) (Table S2). For suitability prediction, there was a generally lower acceptance of 265 

algorithm errors in suitability prediction (F(1,2631) = 4.92, P = .027, ηp
2 < 0.01); false negatives were 266 

also considered less acceptable than false positives in the case of algorithms (F(1,2631) = 12.06, P = 267 

.001, ηp
2 = 0.01). For recidivism prediction, in contrast, differences in acceptance are limited. False 268 

positives seem to be considered less acceptable when caused by algorithms than by experts. 269 

Mistakenly predicting false recidivism was generally less accepted (F(1,2780) = 4.24, P = .040, ηp
2 < 270 
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0.01). Notably, it was generally considered less acceptable to falsely diagnose unhealthy behavior 271 

than to overlook it ((F(1,2575) = 37.63, P < .001, ηp
2 = 0.01)). 272 

What factors contribute to differences in evaluating the performance of an algorithm and an 273 

expert? Generally, age (std. β = -0.10, P < .001) and household income (std. β = -0.08, P = .007) but 274 

not gender and risk preference (Figure S1), if controlled for estimated error rates (std. β = 0.55, P < 275 

.001), were negatively related with acceptance of ADM errors (F(5,933) = 89.03, P < .001, Rcorr
2 = 276 

0.32). However, the pattern was similar for errors made by human experts.  277 

An analysis of factors that lead to ADM-specific acceptance of errors confirms that people 278 

above the age of 29 (((F(3,2717) = 9.01, P < .001, ηp
2 = 0.01)) accept a higher number of human than 279 

algorithm errors (about 1 to 2 more per 100 predictions), while those younger than 29 accept fewer 280 

human errors and more algorithm errors (a difference of about 4 in 100 predictions). Similar 281 

distinctions could not be confirmed for gender ((F(1,2721) = 0.20, P = .659) or for monthly household 282 

net income (F(4,1752) = 1.82, P = .122). 283 

Finally, an additional analysis of the relationship between estimations and acceptance, which 284 

were strictly correlated (between r = .27 and .43), did not indicate differential developments of error 285 

acceptance with increasing perception of errors by algorithms and experts (Figure S2).  286 

 287 

Discussion  288 

Our nationwide representative study in Germany delivered two major results. First, the vast 289 

majority of respondents underestimated error rates for credit scoring and recidivism prediction. 290 

Second, respondents tolerated even fewer algorithm errors than they expected to occur, only 5% to 291 

7% errors compared with their estimates of about 20% to 30% errors. This gap between tolerated error 292 

rate and both the perceived and actual accuracy of algorithms is striking.  These findings indicate a 293 

lack of public trust in the competence of algorithms (confidence), which depends on knowledge about 294 

past performance. This is in line with the concerns of the American public about the acceptability of 295 

algorithms in recidivism prediction and resume screening of job applicants: More than 50% find them 296 

unacceptable (10). For one, they perceive those systems to be incapable of doing nuanced work 297 

across individuals.  298 

The lack of trust in the competence of algorithms needs to be distinguished from a lack of trust 299 

in the intentions of those behind the algorithms (12), which is the common target of digitalization 300 

campaigns, such as in the EU White Paper on Artificial Intelligence (39). Our result suggests that 301 
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winning trust in ADM requires better accuracy of ADM systems, even beyond the performance 302 

overestimations of our respondents. Because the respondents accepted fewer errors by ADM than by 303 

human experts in some domains, the public may expect some ADM systems to be more error-free 304 

than humans in order to tolerate them. ADM was estimated to perform roughly at par with experts. The 305 

only exceptions were estimations that on the one hand algorithms detect suitable job candidates better 306 

than experts and that on the other hand experts (physicians) are perceived to make slightly fewer 307 

errors of both types in evaluating health behavior.  308 

Anticipated consequences (e.g. costs) of different types of error appear to inform judgments 309 

about error tolerance: People who experienced phases of unemployment in the past ten years are 310 

more open for errors in their favor, namely false positives in predicting suitable job candidates. People 311 

with higher household income tolerate fewer errors in credit scoring. A higher tolerance of false 312 

positives than false negatives in predicting defaulting is noteworthy, given that 98% of the people in 313 

Germany are non-defaulters in the credit scoring system discussed. Given that the proportion of 314 

lenders, landlords, and entrepreneurs among the population is quite limited, future research should 315 

ask: Do people who tolerate false positives fear harms to the economy if algorithms were not that 316 

sensitive or do they simply ignore the personal consequences of being classified falsely as a 317 

defaulter?  318 

 319 

Research implications 320 

The general public’s perception of the accuracy of algorithms and its general tolerance of ADM error 321 

have been a neglected issue in previous research, which has focused on issues such as people’s 322 

opinions on discrimination, safety, and surveillance by algorithms, often implying the existence of high 323 

accuracy. Our representative analysis of error estimations and error tolerance of the German 324 

population shows that the accuracy of real ADM systems in credit scoring and recidivism prediction is 325 

too low from the public’s perspective. Observed as well as labelled accuracy of predictive algorithms 326 

(40, 41), even if it is low (42), and also confidence information for each prediction (43) can improve 327 

trust in algorithms (although are users trusting independent of performance (44)). Contrary to studies 328 

that identify risk-seeking preferences to explain the preference of imperfect algorithms over human 329 

advice (19), our representative study across three domains did not find any indications of a 330 

relationship between risk preference and the acceptance of algorithm errors. 331 
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Similar to acceptance, the accuracy of predictive algorithms can often be improved by making 332 

them simpler (29). Simplicity implies transparency and understandability (e.g. explaining a prediction 333 

(42)), which are potential measures to increase trust in ADM systems (45). The design of such 334 

systems may take successful human strategies of decision making under uncertainty in the real world 335 

as a starting point (46). This is of particular importance because merely using interpretable models 336 

(47) and explaining complex models (48) does not necessarily form trust in ADM systems. A further 337 

avenue lies in equipping regulators with tools that enable lay-comprehensible algorithm assessments 338 

in terms of consequences, performance, and fairness. This calls for research that combines trust in 339 

competence, such as in the accuracy of algorithms, with trust in motivation, such as transparency.  340 

 341 

Educational implications 342 

Currently, ADM systems are spreading through most life domains, including personalized medicine, 343 

consumer scoring, credit scoring, insurers, people analytics, learning analytics, and predictive policing. 344 

This cultural change requires citizens to acquire digital risk literacy (49), including the ability to 345 

evaluate the performance of predictive algorithms. Accordingly, schools need to teach students the 346 

requisite concepts to understand ADM systems, including input, output, consequences, features, 347 

feature weights, fairness, and performance-related properties such as false alarm rate, miss rate, 348 

positive predictive value, cross-validation, along with the skills to locate the relevant information. 349 

Yet people should not only learn about the actual performance that is delivered by credit 350 

scoring and recidivism prediction. With regards to both algorithms and experts it is important to keep in 351 

mind that people are sensitive to types of error because these present different costs for them and 352 

others. Laypeople consider these potential costs when confronted with algorithmic decision support. 353 

Educational materials on decision-support systems should thus inform readers about the performance 354 

of algorithms. Facilitating this understanding, however, also requires a culture of transparency and 355 

trust created by commercial firms or imposed by regulators, where people gain easy access to 356 

relevant information about the reliability of algorithms in credit scoring, people scoring, and other 357 

domains (50). 358 

 359 

Limitations 360 

One limitation to the present study is that the estimates for the actual accuracy of the credit scoring 361 

algorithm are self-reported by the SCHUFA. The accuracy estimates for COMPAS, in contrast, stem 362 
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from independent scientific studies. The SCHUFA is a commercial company, and one could argue that 363 

their estimate of their own algorithms might be inflated. We have no evidence of this possibility, but if it 364 

were the case, that would mean that the public overestimates the accuracy of the algorithm to an even 365 

greater extent than what we analyzed in Figure 2. In other words, the gap between estimated accuracy 366 

and actual accuracy would be even larger.  367 

Nor can we exclude the possibility that people in Germany have a better sense of the 368 

accuracy of other ADM systems, as we could only compare respondents’ estimates to the available 369 

accuracies for the domains of credit scoring and recidivism prediction. However, as long as there are 370 

no further learning possibilities or transparent information available for other ADM systems, we have 371 

no reason to assume that the overestimates are unique to recidivism and credit scoring.  372 

 373 

Materials and Methods 374 

Data. The study data were collected as a part of the “Innovation Sample” of the German 375 

Socio-Economic Panel (SOEP IS) (51). For this longitudinal survey, which started in 2011, all adult 376 

and youth members of the same households are interviewed every year. The panel’s 377 

representativeness relies on interviewing split-offs (younger panel members founding their own 378 

families). Our household sample with 3,086 respondents (52.1% female, M=50.4 years of age (SD = 379 

19.0)) is representative of the adult population in Germany (52).  380 

Design. In accordance with an experimental between-subjects design, after responding to 381 

credit scoring items, respondents were randomly assigned to either algorithm or expert predictions 382 

(recidivism, job suitability, healthiness of behavior).  383 

Measures. We used four partially known scenarios to introduce ADM systems, of which credit 384 

scoring is fully established in Germany, recidivism prediction is established outside Germany, and 385 

suitability prediction is currently being established in Germany; the evaluation of healthy behavior was 386 

derived from established health bonus programs.  387 

Error rates for each algorithm and each expert were assessed with a normalized frequency 388 

format. The following is an item example for overlooking recidivism in algorithms: “In the US judiciary, 389 

offenders are regularly reviewed for early release. The computer program COMPAS assesses whether 390 

a criminal will recidivate and commit another crime within the next 2 years. Now please imagine a 391 

group of 100 offenders who are actually at risk of recidivism: How many of them do you think the 392 

computer program incorrectly assesses as not being at risk of recidivism?“; “What would you 393 
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personally find acceptable: At most, how many of these 100 criminals could be wrongly assessed as 394 

not being at risk of recidivism due to the computer program?“ A validated self-report item about risk 395 

attitude (24) was included (11-point). Standard demographic variables in the panel that we used were 396 

gender, age, household income (per month), event of unemployment (in the last ten years), health 397 

insurance status (statutory or private), and self-rated health status (5-point). 398 

Data were analyzed with regression techniques. All data were weighted on the person level to 399 

fine-tune for representativeness. All data (at the German Socio Economic Panel) and materials (at 400 

PNAS) are freely available. 401 
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