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Abstract: Though technical advance of artificial intelligence and machine learning has enabled many promising 

intelligent systems, many computing tasks are still not able to be fully accomplished by machine intelligence. 

Motivated by the complementary nature of human and machine intelligence, an emerging trend is to involve 

humans in the loop of machine learning and decision-making. In this paper, we provide a macro-micro review of 

human-in-the-loop machine learning. We first describe major machine learning challenges which can be 

addressed by human intervention in the loop. Then we examine closely the latest research and findings of 

introducing humans into each step of the lifecycle of machine learning. Next, a case study of our recent application 

study in human-in-the-loop machine learning for population health is introduced. Finally, we analyze current 

research gaps and point out future research directions. 

1. Introduction 

Advances in machine learning (ML) technologies have led to an explosion of major breakthroughs in the field of 

artificial intelligence (AI), which in turn has given rise to ubiquitous intelligent systems in our daily life. Typical 

applications include autonomous vehicles, game playing (e.g., AlphaGo), precise medical diagnosis and 

prescription, assistive robots, face recognition, and so forth. Despite the increasing usage and power of ML in 

these AI applications, there is still a large spectrum of computing tasks that pure machine intelligence cannot fully 

handle due to challenges such as lack of large-scale dataset, low data quality, insufficient training labels, and 

explanability and reliability issues of ML-based decision-making.  

Motivated by the complementary nature of human and machine intelligence [Kamar 2016] [Wang 2019], an 

approach that exploits human’s cognitive power to help address these ML challenges has emerged recently, which 

is referred to as “Human-in-the-loop Machine Learning (HML)”. HML is intended to integrate relevant human 

competences into the whole cycle of ML, ranging from data collection, algorithm tuning, parameters selection, to 

the usage of the outcomes of ML to actuate the physical world. The fundamental goal of this emerging topic is to 

re-examining and reframing the ML workflow from a human-centered perspective. The study of HML has the 

following significance. First, it can generate more usable and human-centric ML tools for AI engineers or even 

application end users. Second, it can lead to an in-depth understanding about how the power of human 

intelligence and machine intelligence can be combined to solve real-world computing problems. Inspired by the 

aforementioned visions, a number of studies for HML have been recently presented in top conference or 

prestigious journals, which has become a trendy research topic across multiple overlapping research communities 

(e.g., AI, Human Computer Interaction, crowd and social computing, data mining, and so on). 

There are several literature reviews or tutorials summarizing the state of the art with each focusing on different 

topical area, see Table 1. Nevertheless, they only touch individual specific research problem within the scale of 
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HML. To the best of our knowledge, there are no survey papers to present a global picture about how human 

cognitive power can be appropriately integrate into ML processes. A systematic study and classification of the 

research problems in the HML research domain is still missing. 

To this end, we attempt to fill the gap by systematically studying and classifying the research work of HML from a 

macro-micro perspective. Instead of discussing a particular aspect such as interface design [Dudley 2018] or the 

explainable models [Riccardo 2019], this paper is to provide a high-level overview of HML for those researchers 

who want to step into this topic area for the first time. More specifically, this paper makes the following 

contributions in this paper.  

⚫ From a macro perspective of the complementary nature of machine and human, we identify the main 

bottlenecks of ML, and then provide deep insights about why and how human can collaborate with machine 

so as to address these challenges. (Section 2) 

⚫ We present a macro-micro review by dividing the representative studies into several stages of the ML lifecycle. 

Here, in order to help the readers to establish a clearer and more understandable picture, the reviews are 

organized in our proposed structure/framework called Human4ML. (Section 3-6) 

⚫ We introduce our recent application study as a case study of human-in-the-loop machine learning for 

population health, where both machine learning and human labor collaborate to achieve a cost-effective 

disease prevalence monitoring. (Section 7) 

⚫ We analyze existing research gaps in this field with a number of future research directions and proposals, 

which may contribute to new ideas and visions. (Section 8) 

It should be noted that this paper’s main purpose is to provide an insightful vision rather than giving a 

comprehensive survey. We provide a general framework into which other existing works can be easily added by 

the readers themselves if they intend to extend it to a more comprehensive one. 

Table 1: Relevant Reviews/Tutorials and Their Focused Aspects 

Relevant Survey Topical Areas 

[Dudley 2018] Interface design techniques in the interactive machine learning  

[Riccardo 2019] Models and approaches to make AI more explainable 

[Zhang 2018] Visualization approaches for interpreting deep-learning-based 

models 

[Wang 2019] Optimization for crowdsourcing and ML (e.g., labeling and 

inference) 

[Zhang 2019] Leveraging Human Guidance for Deep Reinforcement Learning 

Tasks 

 

2. The Needs for Human Involvement 



Although ML is powerful in developing a variety of smart systems, it still encounters a number of inevitable 

challenges under real-world practical situations. While these challenges can be addressed in many different ways, 

in this paper we focus on those challenges that can be potentially alleviated by introducing human intelligence 

into the process of ML.  

Challenge 1: Dirty and Incomplete Data.  

The most fundamental ingredient of an AI system is data for training the learning model, because ML is essentially 

the process of automatically learning knowledge from data. The quality of data is crucially important for the 

performance of a learning model. Unfortunately, datasets acquired in the real world can be low quality. Dirty or 

incomplete data, such as missing values, typos, inconsistent values, out-of-date records, usually leads to 

inaccurate analysis and learning. Several automatic data cleaning approaches have been developed to enhance 

data quality, but their performance is still far from meeting the requirement of applications [Xu 2016]. In many 

scenarios, we still need the help from human workers to detect, repair or eliminate dirty or incomplete data. 

Challenge 2: Heterogeneity and Isolation 

Many intelligent applications need data feed from multiple domains, which are usually originated from 

heterogenous and isolated ICT systems. For example, if we attempt to develop an AI-based system to predict 

population health status in different regions/countries in EU, the first challenge is data integrations and linkage 

from different information systems to build a comprehensive training dataset for model training. However, this 

task is non-trivial because the data structure and database design might be different for systems with similar 

semantics, which increase the difficulty and workload of data linkage. For example, if we want to get an overall 

picture of heart attacks in Europe, we need to integrate and link relevant data from heterogenous information 

system of many hospitals from multiple countries. Although a lot of data integration tools such as schema 

matching have been proposed and proved to be effective to some extent, they are often uncertain about schema 

matchings they suggest, and this uncertainty is inherent since it arises from the inability of the schema to fully 

capture the semantics of the represented data [Zhang 2018]. Human common sense can often help in this process. 

Challenge 3: Insufficient Labels in Training Data 

In recent years, the real-world impact of ML has grown in leaps and bounds. However, ML models heavily rely on 

massive sets of hand-labeled training data, and the cost of building such labeled datasets is one of the key 

bottlenecks to large-scale ML adoption. Although some weak supervised learning approaches [Zhou 2017] can 

ease this problem in some cases, it is still preferable in general if we can obtain sufficient labels for training. Since 

labeling a large amount of data is time-consuming, there is an emerging trend to leverage the power of the 

crowdsourcing workers to accomplish this task. 

Challenge 4: Feature Construction with Limited Data 

Constructing feature set is an essential but uneasy step to ML. There are two common approaches for feature 

discovery or extraction: the automatic methods, e.g., deep learning and domain-knowledge-based methods (e.g., 

feature engineering). However, if we are only given a limited amount of training data, both approaches become 

ineffective as irrelevant features extracted from limited datasets can lead to the problem called overfitting. For 

example, it is easy to distinguish a dog from a cat in an image with deep learning as the relevant labeled training 

data on the Web is huge. However, the classification between “Northern Flicker” and “Red Bellied Woodpecker” 

[Deng 2016]) is much more challenging when there are insufficient training data and fewer discriminative features.  



Challenge 5: Trust and Transparency 

ML-based AI systems sometimes are completely treated as black boxes without human supervision, where the 

learning models sometimes learn undesirable tricks that do an optimal job of satisfying pre-programmed goals 

(e.g. minimizing loss function) on the training data without reflecting the complicated implicit desires of the 

human system designers. In some ML-enabled applications, the black box issue doesn’t matter if the task is not 

very critical. However, this issue becomes very sensitive when the application domain is critical (e.g., medical 

treatment, and security/safety control), where knowing the reasons behind the machine’s decision is of high 

importance. Thus, it 

is of vital significance to open that black box to achieve a more transparent, explainable, and trustworthy AI and 

ML with human in the loop [Riccardo 2019].

 

Fig 1. Human4ML framework: organizing representative studies 

3. Structure Overview: Lifecycle Perspective 

The typical ML process consists of three iterative stages: data pre-preparing (e.g., data collection and pre-

processing), feature construction and model learning, model assessment. Human intelligence can be integrated 

into each of the three stages. To this end, we present an overview of the state-of-the-art HML research using a 

general framework named Human4ML following the ML lifecycle, as shown in Fig.1. In this framework, 

corresponding human-computation-based techniques are adopted to improve certain stage or task of ML. From 

Figure 1, we can see an overview of the utilization of human capabilities in each stage of ML. Here, we characterize 

the features of each stage by using the logic of “2W1H” (What, Who, and How) in Table 2. “What” refers to what 

problems or challenges each component aims to support, “How” refers to the general idea to achieve the goal, 

and “who” refers to the stakeholders who are involved in this stage. 

Phase 1: Human-Guided Data Preparation 

Human intelligence can be leveraged in data collection and pre-processing procedures (we call them together as 

data preparation in this paper) to address the challenge of low quality and insufficiency of training dataset 



mentioned above. To our best knowledge, human computation techniques (e.g., crowdsourcing) has primarily 

adopted in three tasks in data preparation phase, including data labeling and aggregation [Liu 2018], data cleaning 

[Xu 2016], and data integration [Li 2017]. Some representative research works related to this component will be 

introduced in the Section 4 with more details. 

Phase 2: Human-Assisted Feature Construction and Model Learning 

For either automatic or domain expert-based approaches, feature construction and model learning is still a 

challenge for fine-grained features with limited training data. Recent studies show the potential in inviting human 

(either experts or crowdsourcing workers) to collaborate with machine algorithms to better elicit good features 

and perform model training. The key insights lie in two aspects. One is that human workers are better at 

nominating subtle behavioral signals than machines [Cheng 2015], so that they can complement machine 

intelligence in feature extraction. The other is that the selection of learning models are significantly correlated 

with training data and 

learning target, and human can help compare, select, and steer different ML models (e.g., choosing the right 

classifiers in the classification task) [Das 2019]. We will introduce related work for this component in Section 5.

Table 2.  Using “2W1H” to characterize Human4ML Framework 

Stages  WHAT HOW WHO 

Human-guided Data 

Preparation 

To obtain more labels, 

clean data, and integrate 

data (address challenge 

1,2 and 3) 

Use crowdsourcing or invite 

domain experts to help  

Workers in 

crowdsourcing platform, 

domain experts, source 

data managers 

Human-Assisted 

Feature 

Construction and 

Model Learning 

Collaborate with machine 

to construct feature set 

and perform model 

training (address 

challenge 4) 

Nominate/select features 

(based on crowdsourcing), 

select/steer models by 

designing suitable 

visualization interface, and 

perform crowd-based data 

mining over crowdsourced 

data 

AI engineers, workers in 

crowdsourcing 

platforms, domain 

experts 

Interactive Model 

Assessment and 

Explanation 

 Quality assurance, 

present the reasons 

behind the decision of ML 

models (address 

challenge 5) 

Design human-computer 

interface, visualization, adopt 

explainable models 

AI engineers, domain 

experts 

 

Phase 3: Interactive Model Assessment and Explanation 



Only when we have adequate trust, can we use a ML model in real world, especially for critical systems (e.g., 

medical, military, financial, and so on). Although good performance in simple indicators on testing sets (e.g., 

precision, recall, etc.) can provide some belief to some extent, human themselves, also serving as the end user of 

the ML applications, cannot be excluded out of the evaluation process. There are two key research issues human 

can actively participate in this stage, namely (1) enabling quality and robustness assessment with human in the 

loop, and (2) providing model interpretability by designing effective human-computer interfaces to bridge the gap 

between machine and human. Representative studies for this component will be introduced in Section 6.  

4. Human-Guided Data Preparation 

In this paper, the data preparation consists of key operations such as data collection, data cleaning, and data 

integration. Accordingly, this section introduces how human intelligence is utilized in these operations 

respectively. 

4.1 Crowdsourcing Labeling and Aggregation 

In the data preparing phase, the most studied task is to use crowdsourcing [Howe 2006] in the data labeling and 

aggregation. The naïve way for label aggregation is majority vote, where the aggregated value is regarded as the 

opinion of the majority of the crowd workers. However, in realistic scenarios, workers are heterogenous in skills, 

expertise, and reputation, and so on. Therefore, weight-based aggregation methods are proposed, where the 

label of a worker with high weight would count more. Aggregation methods that consider the diversity and 

dependency of workers are proposed in recent years to improve the label aggregation accuracy [Nushi 2015] 

[Venanzi 2016]. In addition to the aggregation approach, worker selection and task assignment is also important. 

For example, authors in [Liu 2018] studied in an active learning setting where training samples are adaptively 

selected to be labeled, and a learner can query a set of crowdsourcing workers with unknown expertise level for 

label information.  

4.2 Human-Guided Data Cleaning 

Detecting and repairing dirty data is one of the perennial challenges in data analytics, and failure to do so can 

result in inaccurate analytics and unreliable decisions. In the data preparation phase, another task that human 

workers can help is data cleaning. For example, the authors present CrowdCleaner in [Tong 2014], a smart system 

to clean multi-version data on the Web. In this system, the authors leverage active and passive crowdsourcing 

methods together for rectifying errors for multi-version data. In another example, [Chu 2015], the authors use 

both human computation and open knowledge base to generate top-k possible repairs for incorrect data.  More 

extensive review for this technical aspect can be referred to [Xu 2016]. 

4.3 Human-in-the-loop Data Integration 

Human intelligence and crowdsourcing techniques are extensively used in many data integration tasks in recent 

years.  

(1) Schema matching in Database. Schema matching is a central challenge for data integration systems. 

Automated tools are often uncertain about schema matchings they suggest, and this uncertainty is inherent since 

it arises from the inability of the schema to fully capture the semantics of the represented data. Inspired by the 

popularity and the success of easily accessible crowdsourcing platforms, a number of studies such as [Li 2017] 

explore the technique of human computation and crowdsourcing to reduce the uncertainty of schema matching 

with the consideration of cost and quality. (2) Entity linkage in Knowledge Base/Graph. In entity linking, words of 



interest (names of persons, locations and companies) are mapped from an input text to corresponding unique 

entities in a target knowledge base (KB), which serves as a basic component of many ML and AI applications. 

Several automatic linking methods have been proposed. However, due to the inconsistency and uncertainty of 

large-scale KBs, automatic techniques for entity linkage achieve low quality. Thanks to the open crowdsourcing 

platforms, studies such as [Zhuang 2017] propose solutions to harness the human workers to improve the linkage 

quality. 

5. Human-Assisted Feature Construction and Model Learning 

Human intelligence can be used to nominate and select features in ML, and further help in model selection and 

steering. 

5.1 Feature Nomination and Selection 

Crowdsourcing and human computation can be utilized to discover (nominate or select) features for 

supervised/unsupervised learning. For example, the study in [Cheng 2015] presented a hybrid crowd-machine 

learning framework called Flock. The basic idea of the framework is that: it starts with a written description of a 

learning goal, uses the crowd to suggest predictive features, and then weighs these features using ML to produce 

models that are accurate and use human-understandable features. Specifically, Flock uses comparative examples 

to help crowd workers better nominate subtle features, and then adopts a clustering approach to re-organize 

these features. Flock is shown to be more effective than pure ML approaches. In the work of [Deng 2016], the 

authors introduced a novel approach for fine-grained image classification tasks (e.g., distinguish between 

“Northern Flicker” and “Red Bel-lied Woodpecker”). The authors proposed an online crowdsourcing game that 

elicits discriminative features by crowd worker (player). During the game, the player can choose to reveal details 

of circular regions (called "bubbles"), with certain incentive mechanism. Additionally, crowd workers can help 

discover features for unsupervised learning. For example, the authors in [Zou 2015] introduce an unsupervised 

approach to effectively discover features in a dataset via photo crowdsourcing. This approach first asks crowd 

workers to articulate a feature that is common to two out of three displayed photos and then requires the crowd 

workers to provide binary labels to the remaining photos based on the discovered features. It adaptively repeats 

the above process based on the labels of the previously discovered features.  

5.2 Learning Model Selection and Steering  

In additional to constructing a set of discriminative features, selecting appropriate models (e.g., the adopted 

classifiers in classification tasks) are also important for the performance of ML. Interactive model steering can 

help people incrementally build machine learning models that are tailored to their domains and tasks. Studies 

such as [Das 2019] aim to help ML engineers to select the most suitable models for corresponding data and 

learning tasks, where human-computer-interaction (HCI) tools are built to enable the interactive comparison and 

selection of different models. Specifically, it proposed a technique to allow users to inspect and steer multiple 

machine learning models. The technique steers and samples models from a broader set of learning algorithms and 

model types. More extensive review can be found in the survey [Riccardo 2019]. 

5.3 Crowd Mining over Crowdsourced Data 

With the development of mobile social networks and mobile crowd sensing (MCS), more and more crowdsourced 

data are generated on the Web or collected from real-world sensing. The fragmented, heterogeneous, and noisy 

nature of online/offline crowdsourced data, however, makes it difficult to be understood. Traditional content-

based analysis methods suffer from issues such as computational intensiveness and poor performance. To address 



this, a new research direction of HML, entitled CrowdMining [Guo 2019], has emerged. Based on the observation 

that the knowledge hidden in the process of data generation, including individual/crowd behavior patterns (e.g., 

mobility patterns, community contexts such as social ties and structure) and crowd-object interaction patterns 

(flickering or tweeting patterns), are neglected in crowdsourced data mining,  it advocates to leverage the so-

called ‘crowd intelligence’ for crowdsourced data mining and understanding. 

Various types of crowd intelligence are embedded in the data sensing or content generation process. These 

include interaction contexts based on human perception, decision making and opinions, and community contexts 

related to individual traits, community structure, and social/individual behavior patterns. They are often used 

indirectly for crowdsourced data understanding, i.e., used as features or parameter inputs of MI. There are various 

data mining tasks that can be performed by means of crowdsourcing, such as data filtering, classification, and 

clustering. For example, FlierMeet [Guo 2014] is an MCS app for public information (distributed fliers in the city) 

sensing and tagging. It identifies a novel set of crowd-object interaction hints (e.g., crowd-object interaction 

entropy, temporal patterns of interaction, interaction frequency) to predict the semantic tags of crowdsensed 

flier pictures. 

6. Interactive Model Assessment & Explanation  

In addition to data preparing and model learning phases, human can also be heavily involved in the model 

evaluation and explanation process.  

6.1 Interactive Quality/Robustness Assessment 

The training and refinement of ML models is an interactive process. The goal of AI engineers is to train the model 

to some level of acceptable accuracy. Therefore, the quality of ML models should be appropriately evaluated to 

determine if the model learning can be stopped. Amershi et al. [Saleema 2014] demonstrate visualization of the 

current model accuracy as an interface element present during the standard model steering task. In their work, 

the authors suggest that this visualization allows users to perform different strategies and evaluate their impact 

on accuracy. The quality assessment task may be interactive such as in the method proposed by [Saleema 2011], 

which provides a working environment where users can interact with the confusion matrix and express preferred 

classification requirements. In additional to the traditional quality evaluation on models, researchers recently 

started to focus on the robustness and safety of ML and AI systems (especially for deep-learning-based models), 

where a ML system is interactively tested by the cooperation of human and machine under deliberately designed 

adversary cases [Ruan 2019]. 

6.2 Model Explanation/Interpretation 

Understanding the reasons behind the suggestions (e.g., predictions or recommendations) made by AI systems is 

important in assessing trust, which helps end users to make final decisions (e.g., take an action or not). 

Understanding how a model works can also help refine an untrustworthy model into a trustworthy one.  

A number of research works has started to study how users can evaluate and refine trained models when learning-

based AI systems make incorrect decisions (e.g., classification, prediction, and recommendation). There are 

several methods or frameworks proposed in recent years to interpret ML models. Ribro et al. [Tulio 2016] 

developed a framework called LIME, which is able to explain predictions by learning an interpretable model locally 

around the prediction. For example, a model predicts that a patient has ae flu, and LIME highlights the symptoms 

in the patient’s history that led to the prediction. Sneeze and headache are portrayed as contributing to the “flu” 

prediction, while “no fatigue” is evidence against it. With these, a doctor can make an informed decision about 



whether or not to trust the model’s prediction. The authors in [Teso 2018] proposed the novel framework of 

explanatory interactive learning. In each step, the learner explains its interactive query to the user, and queries 

any active classifier for visualizing explanations of the corresponding predictions. In their study, the authors 

demonstrate that this framework can boost the predictive and explanatory powers of and the trust into the 

learned model.  

Deep Learning models are powerful but being criticized the least interpretable. To this end, progress in this field 

have been accomplished by producing interpretation of the features learned at each layer of a Neural Network 

[Yosinski 2015] [Olah 2018]. A more extensive literature review about interpretability in deep learning can be 

found in [Zhang 2018].  

7. Case Study: Human-in-the-loop Machine Learning for Population Health 

In this section, we will discuss our recent study of machine learning for population health, which is arguably the 

first framework that dynamically considers both human-machine collaboration and machine learning prediction. 

7.1 Motivation and basic vision 

 

 

Figure 4 The basic vision of HCPH  

 



Non-communicable diseases (NCDs), such as diabetes and obesity, are among the fundamental causes of death 

worldwide, particularly in developed countries. To understand and address these concerns, health officials must 

first collect the prevalence data and uncover the NCDs' inherent patterns. By recruiting human experts to 

conduct health surveys in traditional sensed areas (TS-A), it is possible to determine the prevalence rate in 

certain regions. Unfortunately, this is a challenging undertaking not only because of the sensitivity and difficulty 

of obtaining private health data, but also due to the high operating costs and limited spatial coverage in the 

profiling process. Therefore, as shown in Fig. 4, the basic vision of this work is to develop Human-in-the-loop 

Compressive Population Health (HCPH), a machine learning-based healthcare framework that reduces the effort 

for human expert (oracles) to perform traditional prevalence profiling while maintaining data reliability. Each 

disease will select certain regions as TS-A. The acquired TS-A data generated from human experts (oracles) is 

then used to infer the un-selected zones (called "Inferred Areas", IF-A) by using both inter-disease correlation 

and intra-disease correlation (cf. Section 7.2). The proposed framework ensures that the deducted data is of a 

good quality by iteratively employing a leave-one-out bootstrapping strategy.

                       

Figure 5 The Overall Pipeline of HCPH  

 

7.2 Approaches 

HCPH (Human-in-the-Loop Compressive Population Health Profiling) is described in this section as a deep active 

learning framework that smoothly blends missing data deduction with active learning. HCPH is based on a state-

of-the-art data imputation algorithm known as Compressive Population Health (CPH) [Feng 2021], which makes 

use of epidemiological information to exploit both inter-disease and intra-disease correlations among 

several NCDs, hence significantly reducing the profiling cost of the population. The term "intra-disease 

correlation" denotes the adjacency effect on NCDs, in which diseases from neighbouring regions tend to have 



a similar prevalence rate. This is because surrounding locations usually have population distributions that are 

similar.  The inter-disease correlations, specifically multi-morbidity [Mujica 2015], which is defined as the co-

occurrence of multiple NCSs. For example, locations with high obesity rates are more likely than other areas to 

have high rates of hypertension, and vice versa. The data deduction algorithm is composed of two major 

components: a Convolutional Neural Network (CNN)-based method is used to extract and represent both intra-

disease spatial correlations and inter-disease correlations, and a Generative Adversarial Network (GAN)-based 

model is used to make inference by exploiting these two types of correlations. 

The core architecture of HCPH is depicted in Fig. 5. First, it selects the next salient TS-A for profiling at the 

beginning of each year, where the salient TS-A is selected with a Bayesian active learning strategy [Houlsby 

2011]. Second, an oracle is assigned with the profiling task in the selected TS-A area, and then the system waits 

for the oracle to obtain results in the target hospitals that are present in that TS-A. Given the newly collected TS-

A data, the CPH algorithm is employed to update all the missing data and the data reliability is then evaluated by 

using leave-one-out bootstrapping [Jiang 2007], which is a machine learning practice that estimate the error rate 

of the population prediction. This approach will be repeated iteratively until the estimated data reliability 

satisfies the error bound criteria of mean absolute error (MAE) that has been set forth previously. Finally, the 

job assignment is technically completed, and the missing data is filled in with CPH in this target year. 

7.3 Experimental results and findings 

                     Table 3 Comparison of the performance of various active learning systems for hypertension in 2017 

       Error bound     Entropy-based Sampling     Random Sampling               HCPH 

             10%                 13.5%                 12.4%                10.3% 

              5%                 14.9%                 15.8%                12.4% 

  

 

We test the proposed methods on two publicly available real-world datasets: the Ward Map of London1  and 

the Chronic Diseases Prevalence2. UK's mapping agency provides the government's most precise geospatial 

data, which is used as the first dataset to capture the intra-disease correlation. There are 630 wards in London 

represented in this data, each with their own unique name, form, and code. Obesity, diabetes, and hypertension 

are all included in the second dataset, which is employed to capture the inter-disease correlation.  It was taken 

from the National Health Service between April 1, 2008, and March 31, 2017. Training dataset is constructed 

from 2008 to 2014 and testing dataset is constructed from 2015 to 2017. This means that we will examine the 

efficiency of active learning in 2015, 2016, and 2017 using data from 2008 to 2014. What’s more, the following 

baselines are used to assess HCPH's performance: 

 

1 https://democracy.cityoflondon.gov.uk/ecSDDisplay.aspx?NAME=SD573&ID=573&RPID=0 

2 https://digital.nhs.uk/data-and-information/publications/statistical/quality-and-outcomes-framework-achievement-prevalence-
and-exceptions-data 



• Entropy-based sampling system: It assumes that higher entropy values are associated with higher levels 

of uncertainty. Hence, the system will select high entropy data points to construct the acquired dataset 

and impute the missing data with CPH. 

• Random sampling system: In this approach, all the data points are first shuffled, and then the acquired 

dataset is selected at random from a uniform distribution of all data points. Lastly, the missing data is 

imputed with CPH. 

 

Table. 3 illustrates the performance of various active learning systems at the error bound level of 10% and 5% 

respectively for hypertension in 2017. The performance is measured using the minimum percentage of the 

sampling regions when satisfying the error bound criteria. The smaller value of this metric corresponds to a 

lower profiling cost with a similar profiling performance. One can observe that HCHP outperforms the other 

baselines due to its state-of-the-art active learning strategy and faster convergence speed, which in turn 

significantly reduces the profiling cost. Take hypertension as an example, HCPH only requires human experts to 

sample 12.4% of the entire region but can result in a full reconstruction with error less than 5% (which is a 

commonly used statistical level), whereas an entropy-based sampling system and random sampling system 

requires 14.9% and 15.8% of the entire region respectively to satisfy the same error bound. Although the 

needed sampling percentage is increased by only 2.5% and 3.4% respectively, it is really increased by 20.2% and 

27.4% relative to the baselines, which we argue is a considerable improvement. In summary, the findings 

indicate that, on the one hand, HCPH, which exploits a Bayesian active learning strategy, achieves significant 

improvements over other baseline algorithms, and, on the other hand, the concept of HCPH has an impact on 

advancing health profiling practise by saving cost and time during the data collection process. 

8. Opportunities and Proposals 

While various techniques have been proposed to improve ML with the human in the loop, several challenges still 

remain. In this section, we will highlight some existing gaps and propose new visions that can stimulate the 

research community to pursue new directions (i.e., new research problems). 

P1: Human-Machine Collaboration Fundamentals 

Although there are increasing number of technical researches on human-machine collaboration in the context of 

ML, the fundamental collaboration model and mechanism is still unclear. For example, what is the collaboration 

mode for human and machine? For the parallel mode, how will the output of machine and human (e.g., machine-

extracted and human-nominated features) be integrated? For the sequential mode, how will two sides handoff to 

each other on different learning tasks. Besides, for different tasks, who are the human collaborators? Ordinary 

citizens or someone with specialized expertise? How many human workers should be involved? By successfully 

answering these questions, we can derive a clear picture on the model and mechanism of how human and 

machine is cooperated in the context of ML. 

P2: Multi-Objective Optimization 

When introducing human into the multiple tasks of the ML process, we have to consider multiple factors to 

optimize the utilization process itself. For example, from the perspective of the human workers, we have to 

consider factors such as intrusiveness, motivations, and their expertise/reputation. From the perspective the ML-

related task requestors, task quality, budget, completion time, etc. In general, we formulate such research 



problem as an optimization with ML-task-specific goals and constraints. For example, a novel research problem 

can be how to select a minimum number of human workers to nominate features while ensuring a certain level 

of model prediction accuracy before the required deadline. Specifically, we need to further characterize and 

model the above factors in the context of ML applications and understand the difference compared with other 

types of crowdsourcing/crowdsensing tasks (e.g., urban environment sensing, software development, etc.) 

P3: Bias and Ethics Issue 

Task requesters usually overlook human workers behind tasks, this can lead to issues of ethics (e.g., unfair 

payment) and amplification of human biases, which are transferred into training data and affect machine learning 

in the real world. Research works such as [Barbosa 2019] have started to look into these issues and proposed 

feasible solutions, but most of them only focus on the crowdsourcing labeling tasks, while ignoring other tasks in 

the lifecycle of HML. Besides, we still need to understand human biases in HML, and interesting research topics 

could consist of effect of cultural, gender and ethnic biases, effect of human in the loop training and past 

experiences, effect of human expertise vs interest, bias in experts vs bias in crowdsourcing, bias in task selection, 

and task assignment/recommendation for reducing bias. 

P4: Integration of Human-Machine-Hybrid Features  

Human intelligence can help generate human-understandable features, and further by combining them with 

machine-extracted features, we have the potential to build a more powerful learning model [Cheng 2015]. 

However, there are two key critical remaining challenges that existing works do not address in this step. First, how 

to obtain the value of human-nominated features? As many of these features are subtle, machines cannot 

automatically assign values to them. Instead, humans have to handle many of these labeling tasks. This feature 

value acquisition task is far more costly than the classification labeling task, because for a certain training record 

(say, for a classification task), there is only one classification label but with numerous features. Therefore, it is 

crucial to study how to obtain the value of crowd-nominated features with the budget concern in mind. One 

promising research direction is to study the selection of most informative features with the objective of achieving 

a good tradeoff between the total feature labeling cost and model classification/prediction performance. Second, 

how to integrate human and machine features? When combining the human-generated features with machine-

extracted ones, a naïve approach is to directly connect these two types of features as a longer feature vector. 

However, an alternative approach could be training machine and human classifiers separately, then combining 

them by adopting ensemble learning techniques to make a more accurate prediction.  

P5: From Individual to Crowd 

Most existing studies in HML focus on the interaction of one single human worker with a ML system. With the 

popularity of social networks (e.g., twitter, Facebook, etc.) and crowdsourcing platforms in different domains (e.g., 

product design, software engineering, etc.), there is now an opportunity of recruiting large number of crowd 

workers collaboratively in a ML system. Therefore, techniques and tools should be developed to support the 

collaborative work in the context of building ML models or applications. For instance, a collaborative working 

environment should be developed to help workers to discuss, comment, share, and nominate more efficiently. 

We have already witnessed substantial progress in crowdsourcing-based labeling tasks. Nevertheless, further 

research on how the crowd can work collaboratively in other higher-level tasks such as feature selection, 

evaluation, and interpretations of models, is still needed.   

9. Conclusion 



This paper presents a review of ML with human in the loop. Specifically, by organizing existing studies along the 

multi-stage lifecycle of ML, we present various kinds of strategies exploiting human intelligence in ML. in addition, 

we point introduce some research gaps and directions that may further integrate the power of human and 

machine intelligence to build more cost-effective, reliable, and robust intelligent systems. 
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