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Abstract

We explore whether providing explanations about machine learning algorithms helps experts

better use algorithmic recommendations. We design hypothetical surveys for doctors and re-

cruiters, who have to make predictions about the likelihood of certain events to guide their

treatment and hiring decisions. We progressively add explanations about how the prediction

algorithm makes its decisions. We find that as experts receive more explanations about the

behavior of the prediction algorithm, they increase their reliance on the algorithmic recommen-

dation and approach the algorithm’s accuracy level compared to experts who make predictions

without algorithmic support. We also find that experts perform even better than the algorithm

alone when given the most complete set of information about the algorithm’s process, suggesting

that there are valuable complementarities between the algorithm’s and the expert’s information

set. However, we also find that explanations can backfire, by giving experts a false sense of

trust in machine learning models. Our results have implications for the adoption and deploy-

ment of machine learning algorithms in contexts where experts, such as judges and doctors,

make decisions.

1 Introduction

Despite the value that recommendation algorithms have played in technology platforms – from

matching drivers and passengers on Uber to suggesting experiences and accommodations on Airbnb

– their adoption has so far been slow ([4], [5]), particularly in contexts where skilled experts make

decisions, such as doctors and judges([11]). While in many contexts a full substitution from humans

to machines is fairly straightforward and efficient (in the case of taxi dispatch systems for example),
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in other contexts, the role that the expert plays goes beyond making a simple prediction. In those

contexts, experts can better account for ambiguity than machines, and experts can add a valuable

“human touch” while performing the prediction task. In the case of doctors and patients, for

example, having a human describe a diagnosis to a patient and address any related questions and

fears may be preferred to receiving an email with an automated message. Machines can also make

unexpected errors, which a human can more easily correct.

Despite the important role that experts play, multiple studies have shown that algorithms can

and do better than the average expert [11, 13]. This raises the question of how we can nudge

experts to better use algorithmic recommendations without losing the role that experts play in

decoding ambiguity and non standard information. In this sense, we are interested in exploring the

complementarities between the predictions of humans and algorithms and which set of nudges can

better leverage these complementarities.

In this paper, we study the role of explanations in driving experts’ decisions to follow algo-

rithmic recommendations and the accuracy that the supported decision achieves. We give doctors

hypothetical patients and ask them to make diagnostic predictions, with and without the support

of algorithmic recommendations. When the algorithm provides recommendations, we also vary the

degree of explanations provided with the recommendation. We progressively add explanations about

the predicted probability of the assigned label; a list of top features leading to that particular recom-

mendation; and the accuracy of a prediction solely based on the listed features. We conduct a similar

experiment with recruiters who make hypothetical screening decisions to decide which candidates

to interview for a job.

On the positive side, we find that adding explanations improve experts’ decision making: their

choices become more accurate compared to the group of doctors who are not given algorithmic

recommendations, and compared to groups of doctors who are given fewer explanations. In the

scenario with the most complete set of explanations, decision accuracy is even higher than the

accuracy of the machine learning model alone, suggesting valuable complementarities from making

a joint human-machine prediction.

On the negative side, providing explanations makes expert spend more time on each decision,

perhaps due to the cognitive load associated with processing the additional information. Most

importantly however, providing explanations can backfire. When experts are given a list of features

that the algorithm considers when making a prediction, experts trust the algorithm more regardless

of the importance of those features for the actual prediction. When the features are irrelevant,

experts’ over-reliance on the algorithm leads them to be even less accurate than the scenario where

they are not provided any algorithmic advice. This over-reliance is somewhat corrected for doctors

when they are given a measure of the accuracy of those features, but not for recruiters, who keep

over-relying on the algorithmic recommendation.

Our results provide novel evidence on the role of explanations in the context of algorithmic

recommendations. We show that experts can be nudged to adopt algorithmic recommendations, es-
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pecially when those recommendations are accurate and are accompanied by convincing explanations

of the algorithmic process.

The result that both accuracy and explainability of the algorithm’s prediction matter for experts’

trust in the algorithm emphasizes an important trade-off when deploying algorithmic recommenda-

tions. On one end, experts are persuaded by highly accurate algorithms, which calls for sophisticated

neural nets and black-box type of techniques. On the other hand, experts are also persuaded by

explanations of the factors contributing to the prediction, which calls for simpler models, such as

decision trees or regression techniques. We are exploring this trade-off directly in follow-up surveys.

Our work is related to the recent and growing literature on the adoption of machine learning

algorithms to aid in prediction tasks ([3]), which is frequently described as a general purpose tech-

nology applicable across a broad range of industries and problems ([10]). The literature has typically

focused on the substitutability between humans and algorithms ([8]) on a task-by-task basis ([2], [1]),

although more recently complementarities across tasks within an organization have been recognized

as possible drivers of adoption ([4], [5]). Our research is most closely connected to studies of how

AI algorithms improve, rather than substitute, human decision making ([7], [6], and [9]).

The paper is organized as follow. Section 2 describes our study design. Section 3 presents our

results, and Section 4 concludes.

2 Study Design

We want to test whether adding information about how a recommendation algorithm reaches a

particular recommendation helps experts improve their decisions. For this we have designed a set of

treatments that progressively add explanations about the algorithm’s prediction process.

We have two parallel sets of experiments, one for doctors and one for recruiters. Doctors were

asked whether a particular patient is likely to develop breast cancer in the following 2 years (see

Table 1 for an example). Recruiters were asked whether a particular candidate is likely to perform

well in an entry-level software engineering job. We call recruiters and doctors experts.

Experts were placed in one of 5 conditions (Table 2):

1. Expert only : Experts were asked to answer their relevant question without the support of any

algorithmic recommendation;

2. Expert + Prediction Label : Experts were given the label (“is the patient at risk of breast

cancer?” in the medical context; “will this candidate perform well as an entry-level software

engineer?” in the recruiting context) from a prediction model. The classification model used

for the medical predictions is a deep neural network with 5 hidden layers and 10 nodes per

layer. Its underlying accuracy is 89.09%. The model used for the hiring predictions is a deep

neural network with 5 hidden layers and 15 nodes per layer, with an underlying accuracy of

88.77%.
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Table 1: Survey Template

Below is some information about a patient:

Gender: Female

Age: 32

Pre-existing conditions: Diabetes, High blood pressure

Family health history: Anxiety, Depression

ESR (Erythrocyte Sedimentation Rate): Normal (<= 20 mm/hr)

Exercise: 3 times a week

Smoker: At least 5 times a week

Alcohol: Once a month

Current symptoms: Cold, Cough, Fever

Commonly experienced symptoms: Cold, Menstrual Cramps

Avg. WBC (last 3 years): Normal

Avg. RBC (last 3 years): Normal

Avg. HGB (last 3 years): Low

Avg. Glucose (last 3 years): High

Number of breast exams (last 3 years): 2

Status of breast exams (last 3 years): Normal

The ML model that we built, which has an overall accuracy of 89.09% (See link for

detailed FPR, TPR, FNR, TNR values), predicts that this patient is not likely to be

diagnosed with breast cancer within the next 2 years with a probability of 0.86.

Using the information provided above, can you predict if this patient is likely to be

diagnosed with breast cancer within the next 2 years?

The table provides a template for the questions given to doctors in Treatment 3 (see Figure 2 for a list of treatments.

3. Expert + Label + Predicted probability of success: In addition to the predicted label, experts

were also given the predicted probability of success from the classification model. Success here

means being at risk of cancer in the medical context, and being a good candidate for a software

engineering job in the recruiting context.

4. Expert + Label + Predicted Probability + 4 Features: In addition to the predicted label and

predicted probability, experts were also told 4 features that the algorithm used in its prediction.

Since some features are more important than others in driving the prediction, we further break

4



Table 2: Treatment Arms

Treatment 1 2 3 4 5

Expert Expert Expert Expert Expert

Label Label Label Label

Probability Probability Probability

4 Features 4 Features

Feature Accuracy

Sub-Condition

A 4/4 Top Features 4/4 Top Features

B 3/4 Top Features 3/4 Top Features

C 2/4 Top Features 2/4 Top Features

D 1/4 Top Features 1/4 Top Features

E 0/4 Top Features 0/4 Top Features

The table describes the five main treatment conditions, 1 through 5, as well as the five sub-conditions, A through E,

for treatments 4 and 5.

down this treatment into 5 sub-conditions, described below.

5. Expert + Label + Predicted Probability + 4 Features + Feature Accuracy : In addition to the

elements in previous treatment arms, experts were told the accuracy of a prediction based

on the 4 features listed. To calculate this accuracy metric, we keep those 4 features constant

and manipulate the other predictors. If the prediction can change dramatically depending on

the value that the other predictors take, then the accuracy of the 4 features provided to the

expert will be low. As in Treatment 4, we randomly choose the features and break down this

treatment into 5 sub-conditions.

For treatments 4 and 5 above, we create additional sub-conditions. We randomly select four

features to disclose to the experts from the entire list of features used in the classification model. The

list of disclosed features can include 0, 1, 2, 3, or 4 of the top 4 features predicting the outcome. The

top 4 features are obtained by enumerating over all possible combinations of features to determine

which set of 4 features contribute the most to each individual prediction. To this end, we take

each set of 4 features and an instance, hold the values of these features unchanged, and perturb

the remaining feature values slightly (by adding a small amount of Gaussian noise) to see how

much the predictive probability of the corresponding instance changes [12]. Smaller changes in the

predictive probability indicate that the set of 4 features chosen contribute the most to the prediction

of that instance. After determining the top 4 features in this manner, we then consider the following

sub-conditions:
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A 4/4 top features: Four of the features listed are among the top 4 predictors;

B 3/4 top features: Three of the features listed are among the top 4 predictors;

C 2/4 top features: Two of the features listed are among the top 4 predictors;

D 1/4 top features: One of the features listed is among the top 4 predictors;

E 0/4 top features: None of the features listed is among the top 4 predictors.

For the medical context, we have 28 doctors in treatments 1, 2, 3, 4.A, and 5.A, and 16 doctors in

4.B through 4.E and 5.B through 5.E. In the recruiting context, we have 32 recruiters in treatments

1, 2, 3, 4.A, and 5.A, and 16 recruiters in 4.B through 4.E and 5.B through 5.E.

In every treatment, each expert is given 10 randomly drawn people (patients for doctors and

job candidates for recruiters) for whom they have to make decisions. Thus in total, we have 204

doctors spread across the various treatments and 2,040 medical questions. For recruiters, we have

224 experts and 2,240 hiring questions.

We are interested in two relevant outcomes. The first and most obvious outcome is decision

accuracy, defined as the number of correct decisions out of all possible decisions. The second is

decision time, i.e., how long the expert takes to process the information given and make their

decision.

3 Results

In this section we describe our results. Figure 1 plots the results for doctors. Figure 1a presents

the results for the five main treatments 1, 2, 3, 4.A, and 5.A. On the left-hand side we plot

accuracy. Progressively adding explanations about the model recommendation helps doctors trust

the recommendation more, which increases decision accuracy from 78% at baseline to 95%. This is

a sizable increase. It is also worth noting that in the last two treatments, the doctor’s judgement

combined with the algorithm’s prediction and explanations perform better than the expert (78%

accuracy) or the algorithm (89% accuracy) on their own, suggesting valuable complementarities in

the information used by the expert and the algorithm.

Providing information from a prediction algorithm lengthens the time doctors take to make their

diagnostic decisions. On the right-hand side of Figure 1a we plot the average time, in minutes, that

doctors take to answer each question. Every time doctors are provided with algorithmic recommen-

dations, they take at least 30% longer to reach a decision. The scenarios where doctors take the

longest time are those where doctors are given only the prediction (treatment 2) or the prediction

with the complete set of explanations (treatment 5.A). In those two treatments, the time to reach

a decision almost doubles, from 2 minutes and 10 seconds to around 4 minutes. This result can be

explained by the fact that receiving a simple prediction leads doctors to reflect over whether they

should trust the algorithm or not. Adding explanations increases trust, which speeds up decision
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making, but also progressively increases the cognitive load needed to process additional information,

which slows down decision making.

Next we move to discussing the results in Figure 1b, which focus on treatments 4 and 5 and

the related sub-conditions.1 We start with the effect of providing 4 features on decision accuracy

(left-hand side). Whenever the list of features coincides with the 4 most relevant features for the

prediction, doctors seem capable of discerning whether to rely on the algorithmic predictions or their

own prediction such that in the aggregate they perform better than the algorithm (93% accuracy).

However, doctors seem unable to distinguish between more and less relevant features. As the list

of features includes fewer and fewer of the 4 most relevant features for the prediction (i.e., moving

from sub-conditions A to E), decision accuracy rapidly degrades, from 93% to 63%, significantly

lower than the accuracy of doctors’ independent choices. This is worrisome, because it suggests that

the mere list of features leads doctors to trust the algorithm more, regardless of the relevance of

those feature. Decision time remains constant across all 4.A through 4.E treatments, suggesting

that doctors are not faster or slower as a function of the relevance of the features disclosed.

It is comforting to see that doctors seem to adjust their over-reliance on the algorithmic prediction

when they are given a measure of feature relevance (treatments 5.A through 5.E). A pairwise

comparison of the green and yellow bars on the left hand side of Figure 1b shows that adding feature

accuracy allows doctors to make better decisions for any set of features, whether or not they are

relevant. The improvement is particularly sizable when none of the features provided are among

the 4 most relevant features (sub-condition E), which suggests that doctors’ beliefs about feature

relevance are biased upward. The improvement is also large enough to surpass the baseline accuracy

of doctors when they make independent decisions.

Figure 2 reproduces analogous results for recruiters. The majority of the results are consistent

across doctors and recruiters, so here we only highlight the differences.

The first difference is on the time it takes recruiters to reach a decision as they are given pro-

gressively more explanations about the algorithm process (right-hand-side plot of Figure 2a). For

doctors, the time first increases between treatment 1 and 2, then decreases as we add the first expla-

nation, and finally monotonically increases as we add increasingly more explanations. For recruiters

instead, the time is monotonically increasing from treatment 1 to treatment 5.E. The increase in

time is also smaller than the increase for doctors, at least in percent terms.

The second difference is in the role that feature accuracy plays in guiding recruiters (left-hand-

side plot of Figure 2b). Just like doctors, recruiters over-rely on algorithms when they are given a

list of features. This leads to poor decision accuracy when those features are irrelevant in the model.

Unlike doctors however, recruiters are unable to calibrate their reliance on the algorithm when given

information about feature accuracy (the green and yellow bars are pair-wise indistinguishable from

one another).

1The results for Treatment 5 and its sub-conditions will be completed.
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4 Conclusion

In contexts where experts make decisions, adoption of algorithmic predictions has been slow. In this

paper, we show that explaining machine learning algorithms can be an effective way to convince

experts to rely on algorithmic recommendations and improve decision accuracy, but these nudges

can backfire.

We give hypothetical decisions to doctors and recruiters about the likelihood that patients will

develop breast cancer and the likelihood that job candidates will perform well in an entry-level

software engineering job. We vary the availability of an algorithmic recommendation and a series of

explanations about how the model reaches a particular recommendation. Experts’ trust in algorith-

mic recommendations increases as more information about the black-box is provided to them. With

the most complete set of explanations, experts are able to discern when to rely on the algorithm and

when to overrule it, such that the combined accuracy is higher than the accuracy of the expert or

the machine alone. Adding explanations makes experts slower in reaching a decision, compared to

the scenario where they are not given any input from an algorithm, providing a valuable trade-off

when decision time is as essential as accuracy.

However, providing explanations can lead experts to rely on algorithmic predictions more than

necessary, which dramatically reduces the accuracy of the supported decision. Indeed, when given

explanations, experts rely on algorithms regardless of the validity of those explanations. As a result,

when explanations are not relevant, experts end up making decisions that are less accurate than

without any algorithmic support. In the medical context, adding information about the relevance of

the explanation can adjust over-reliance, although in the hiring context explanation relevance does

not seem to help recruiters discern between better and worse explanations.

Our results have implications for the deployment of machine learning algorithms into settings

where experts are the main decision makers. Explanations play an important role in convincing

experts to trust recommendations, but if the baseline algorithm is inaccurate or many features are

equally relevant in driving prediction, our results suggest that we cannot fully rely on experts to

effectively discern what is and what is not relevant information.

Finally, we show that both accuracy and explainability are important in guiding experts’ reliance

on algorithms, which creates an important trade-off when deploying algorithms. On one end, experts

are persuaded by highly accurate algorithms, which calls for sophisticated neural nets and black-box

type of techniques. On the other hand, experts are also persuaded by explanations of the factors

contributing to the prediction, which calls for simpler models, such as decision trees or regression

techniques. We are exploring this trade-off directly in follow-up surveys.
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Figure 1: Doctors

(a) Effect of Adding Explanations

(b) Effect of Better Explanations

The figures focus on doctors. Panel a plots the results across treatments 1, 2, 3, 4.A, and 5.A. Panel b plots results

across sub-conditions A through E for treatments 4 and 5. On the left column we plot accuracy, while on the right

column we plot the decision time in minutes. 95% confidence intervals are denoted by vertical lines. (Note: results

for treatments 5.B through 5.E to be completed).
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Figure 2: Recruiters

(a) Effect of Adding Explanations

(b) Effect of Better Explanations

The figures focus on recruiters. Panel a plots the results across treatments 1, 2, 3, 4.A, and 5.A. Panel b plots results

across sub-conditions A through E for treatments 4 and 5. The plot is otherwise identical to Figure 1.
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