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ABSTRACT    
Interactive machine learning (iML) tools help to make ML accessible 
to users with limited ML expertise. However, gathering necessary 
training data and expertise for model-building remains challenging. 
Transfer learning, a process where learned representations from a 
model trained on potentially terabytes of data can be transferred 
to a new, related task, ofers the possibility of providing "building 
blocks" for non-expert users to quickly and efectively apply ML in 
their work. However, transfer learning largely remains an expert 
tool due to its high complexity. In this paper, we design a prototype 
to understand non-expert user behavior in an interactive environ-
ment that supports transfer learning. Our fndings reveal a series of 
data- and perception-driven decision-making strategies non-expert 
users employ, to (in)efectively transfer elements using their do-
main expertise. Finally, we synthesize design implications which 
might inform future interactive transfer learning environments. 
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• Human-centered computing → User models; Graphical user 
interfaces; User centered design. 
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1    INTRODUCTION    
Machine Learning (ML) systems have seen adoption in felds outside 
of computer science such as healthcare, fnance, manufacturing 
and even marketing [27]. This has powered a growing body of 
research in interactive machine learning (iML) [16], integrating 
knowledge from both human-computer interaction (HCI) and ML 
[29, 41]) to make these systems accessible to diverse audiences. 
While stakeholders outside of computing domains may lack formal 

ML expertise/training, they may possess domain expertise in other 
areas which can signifcantly beneft from the use of ML systems. 

Well-designed iML tools have proven to be helpful in supporting 
ML non-experts to integrate their expertise in a traditional model 
development environment. Specifc projects have investigated iML 
when designing models [52], selecting features [31, 50], and evaluat-
ing results [17]. However, comparably little research has examined 
the inverse – how iML tools might be designed to assist non-experts 
in efciently integrating ML into their own working environment. For 
instance, a mobile application designer might want to employ a 
classifcation model to identify sensitive user generated content in 
their application prior to publishing it to the web. However, in their 
case, learning about ML and making sense of the ML model devel-
opment workfow may be too onerous despite the potential benefts 
ML might bring to their real-world problems [57]. In this work, we 
consider transfer learning as a potential technique to encourage 
novice appropriation of existing, performant models as "building 
blocks". Instead of promoting end-to-end interactive model devel-
opment, we explore interactive environments that help non-experts 
build models by re-purposing the components of existing, expert 
curated models through transfer learning. 

Transfer Learning [51] is the technique of adapting a model 
trained on one task to another, related task, through the transfer of 
relevant model features. It is widely used in the ML community to 
push the limits of model performance, and has been instrumental 
in the growth of computer vision [34, 38] and natural language 
processing [45]. Further, the ML community also promotes trans-
fer learning across varied applications by creating repositories of 
expert-curated models (model zoos) [28, 33] and domain-specifc 
pre-trained toolkits [20]. These provide ready resources for a user 
looking to re-purpose components for their own use. However, the 
process itself can be conceptually challenging because it involves a 
number of interdependent sub-tasks such as identifying transfer 
candidates, transferring them successfully, evaluating performance, 
and identifying next steps. Each can require considerable expertise 
in the ML model design process. In order to assist domain experts 
in using components of expert-curated models and leveraging their 
unique expertise, one must develop workfows which support these 
tasks and integrate feedback systems which help them to apply 
their skills. For instance, a mobile application designer seeking to 
identify sensitive posts before they are submitted might be able to 
select and tune components of an expert-curated text classifcation 
model (potentially trained on terabytes of data) with guidance from 
their unique understanding of their user base. 

In this paper, we investigate the design of interactive environ-
ments that support transfer learning. While transfer learning is 
applicable in a variety of ways across diferent ML models [53], we 
focus on Convolutional Neural Networks (CNNs)[18]. ML models 

http://crossmark.crossref.org/dialog/?doi=10.1145%2F3411764.3445096&domain=pdf&date_stamp=2021-05-07
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such as CNNs particularly beneft from Transfer Learning since 
their components often specialize (e.g. identifying object bound-
aries, colors and shapes in an image [7]), and those specialized areas 
can be transferred efectively from performant models into new 
ones [43, 58]. While CNN-based models have complex architecture, 
their fundamental building blocks are collections of simpler compu-

tational units that learn weights. For example, a collection of flters 
(mathematical term for a computational unit) in a model can be 
exposed as a layer that has learned specifc features, perhaps better 
matching users’ intuition about transfers. 

Through expert interviews, prototyping, and lab studies, we seek 
to advance our understanding of how individuals conceptualize 
and apply transfer through interactive tools. In the frst part of 
this paper, we introduce a fully interactive tool which allows users 
to build new CNN models using a building blocks metaphor by 
transferring components from pre-trained models. We use this as a 
lens to explore how individuals make sense of the transfer learning 
process in a lab study and gather both qualitative and quantitative 
data on how non-experts execute the task using the tool. Finally, 
we use our lab study data to consider how individuals integrate 
their own knowledge into the transfer process and identify broader 
design implications and trade-ofs for iML tools for transfer learning. 
The main contributions of this work are: 

(1) A test-bed for gathering and studying user behavior when 
performing interactive transfer learning tasks. The fully in-
teractive prototype enables building and evaluating CNN 
models without expert supervision. 

(2) The results of a lab study examining information seeking be-
havior of non-experts in transfer learning. Findings uncover 
a range of data-driven and perception-driven strategies. 

(3) A conceptual model extracted from our empirical data, which 
points to specifc design dimensions for systems where pre-
trained models act as building blocks for new models. 

Our fndings suggest that while non-experts are able to conduct 
transfers across models successfully by employing their domain 
expertise, their progress is frequently impeded by inaccurate per-
ceptions of the machine’s learning process. Through our work, we 
identify how these perceptions might negatively impact the process 
in subtle, pernicious ways, and identify strategies for mitigating 
these risks in the development of future systems. 

2 RELATED WORK 
Interactive machine learning (iML) tools help users to accomplish 
tasks at various stages of the ML model building pipeline [46]. iML 
systems have been investigated for a number of diferent tasks, 
including improving input data quality [5, 6, 12], building and ana-
lyzing models [9, 47], interpreting model results [30, 44, 49], and 
evaluating fnal outcomes [2] (see [29] for a deep survey of related 
tools). The majority of prior research, however, is geared towards 
ML practitioners and/or tackling domain-specifc challenges. Users 
with limited ML expertise have received comparably less attention. 
This research explicitly focuses on the challenge of designing iML 
tools that empower non-experts to apply ML in their workfows 
with minimal traditional resources (e.g. terabytes of training data, 
computational clusters). For the purpose of this paper, we defne 
non-experts in the context of ML model building as individuals 
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having minimal or no formal knowledge of the machine learning 
model building process. These individuals may or may not have pro-
gramming experience, and can come from a variety of backgrounds 
including domain experts who might beneft from employing ML 
in their workfows (e.g. healthcare practitioners, user experience 
designers), citizen scientists (e.g. distributed environmental moni-

toring), and DIY enthusiasts (including ML enthusiasts). 
A body of research has identifed how this community of individ-

uals might beneft from applications of ML [4, 35], and when given 
the opportunity, can efectively employ domain knowledge in build-
ing better ML systems [48, 52]. As a result, a number of projects are 
investigating ways to support this broader audience, ranging from 
interactive interfaces [19, 41], accessible and extendable program-

ming toolkits [20], and do-it-yourself (DIY) systems [10, 26]. For 
instance, Google’s ML-Kit [20] is a machine learning suite designed 
specifcally to support mobile application developers and incorpo-
rates a bundled library of ML models that can be adapted for unique 
applications [21]. Designing these ML tools is challenging and re-
quires detailed understanding of the intricacies of the ML model 
building process and systematically identifying key ML tasks that 
can be intuitively exposed to the users. Exposing all operations may 
overwhelm users and steepen the learning curve, while exposing 
only select features risks limiting the tool’s efcacy. In the extreme 
case, this might confne users’ roles to input data providers or per-
formance data collectors. One approach towards striking a balance 
between too few and too many afordances is to adopt a human-

centered design methodology in designing iML tools [25, 56, 57]. In 
this research, we build upon this body of human-centered design 
investigations by examining how a building blocks metaphor sup-
porting transfer learning techniques, might allow users to leverage 
their unique expertise without being overwhelmed by the need to 
understand intricate model building functions. 

Transfer Learning [51] is a widely used technique in the ML 
community. It is defned as the process of transferring knowledge 
learned by an agent on one task to another, related task. This tech-
nique is very useful in building performant ML models with scarce 
resources. The advent and widespread use of data-driven mod-

els like CNNs (which particularly beneft from transfer learning 
[37, 58]) has further contributed to signifcant advances in the state-
of-the-art in the past several years [45]. A number of recent survey 
papers have outlined a variety of transfer techniques and principles 
[40, 53, 60]. Realizing its benefts, the ML community encourages 
transfer learning by open sourcing their models through model 
repositories [1, 28, 33]. While these model zoos help to advance the 
boundaries of industry applications and research, we view them 
as a potential means to bridge the gap between expert and non-
expert users via transfer learning. With this perspective, designers 
may provide richer and more meaningful experience to non-expert 
users. Prior research [54] has shown that, when done right, iML 
tools can encourage users to use ML models in unique and useful 
ways. However, these tools do not account for designing to support 
transfer learning. In this research, we build upon the emerging line 
of work and explore the design of iML tools specifcally in context 
to transfer learning. In the future, guided by this research, a prac-
titioner might identify potential models from these pre-existing 
expert-curated repositories and adapt them to related tasks using 
their unique domain expertise. 
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Designing Interactive Transfer Learning Tools for ML Non-Experts 

To design iML tools that support interactions with expert-curated 
models, we adopt a human-centered approach. Several user studies 
have been conducted to investigate how individuals and teams build 
ML models [57], select features [55], iterate over data [24], interpret 
results and explanations [3, 36], and integrate their domain exper-
tise [8, 10]. For instance, one study [8] suggests that individuals 
tend to use their own perceptions of image data in order to better 
predict the likelihood of failure of an ML system. Besides focusing 
on how individuals perceive and adopt the ML building process, 
some user studies [14, 54, 56] have also investigated the broader 
challenges faced by specifc user groups in working with ML. For 
instance, [14] identify that UX designers, even after working with 
ML professionals, have difculty in grasping the algorithmic part of 
ML. Through meticulously designed surveys and interviews, these 
studies draw on the experiences of ML and non-ML professionals. 

To build on this body of research, our inquiry is directed towards 
model building through transfer learning by creating an environ-
ment where all of the basic building blocks of the model design 
process are provided to the user. The main challenges, therefore, 
are not necessarily in making sense of processes such as feature 
selection, but rather in understanding what to transfer, how to 
conduct the transfer, and in what way to evaluate the result. We 
apply a similar mix of qualitative and quantitative methods, but 
focus primarily on users’ strategies and conceptual model of the 
task as they are potentially the most likely to beneft or the most 
likely to fall short in the case of transferring model elements. 

3 DESIGN PROBLEM 
Before developing our interactive machine learning tool, we worked 
to identify the specifc design challenges posed by such tasks. To 
formulate our design problem, we investigated the transfer learning 
process using a mix of expert interviews and literature review. 
Building on these fndings, we then created a preliminary prototype 
and conducted pilot studies that captured the real-time functional 
challenges of the iML tool. Using these data, we re-designed our 
system and then conducted our formal quantitative and qualitative 
lab study investigating user performance and decision-making. 

3.1 Understanding the transfer process 
To ground our understanding of the transfer learning process, we 
conducted semi-structured interviews with 6 ML practitioners (2 
graduate students, 2 industry experts and 2 professors). Since a con-
siderable body of literature exists on how ML practitioners build 
ML models in general, we focused our interviews specifcally on 
transfer learning with ML models, examining the specifc steps and 
stages they considered in the process. Interviews were conducted us-
ing open-ended targeted questions like "Describe how often do you 
employ transfer learning in your model building process," "Please 
describe any generic approach you take to transfer components 
across related task," and "Describe any signifcant challenges you 
encounter and the specifc techniques you use to address them." We 
specifcally focused the conversations on their experiences of build-
ing CNN models through transfer learning. The interviews lasted 
about 45 minutes. The range of expertise of participants helped 
to expose overarching workfow patterns in transfer learning. In 
order to get more insight into the specifc methods adopted by 

researchers, we scanned key literature and identifed typical trans-
fer learning workfows, generic CNN model building workfows, 
and how the ML community builds successful transfer techniques. 
Our methodology here was to identify a central set of infuential 
papers to function as the seeds of our search (cited in our literature 
review; e.g. [40, 53]). Based on keywords in these papers, we then 
followed citation chains and conducted targeted searches. Though 
we did not intend this to be an exhaustive search as in a formal 
literature review project, we found that these papers provided a 
good snapshot of relevant issues. 

Our fndings suggest that there is no standardised transfer tech-
nique used by practitioners for CNNs [38, 43, 58], making model 
building through transfer learning a highly iterative process that 
requires constant assessment and adjustment. Our discussions with 
practitioners revealed that they often rely on their own intuition 
borne from years of experience and cannot necessarily verbalize 
why they follow a specifc process. For instance, practitioners refer-
enced having a sense of the size of flter to use, depth of layers to use, 
and the hyper-parameters to fne-tune to ensure a well converged 
model. This reliance on intuition may also be attributed to the 
black-boxed nature of CNN models [11], which has received consid-
erable attention in research community [23]. The practitioners also 
pointed out reliable diagnostic techniques that helped them to inter-
pret the behavior of CNN models. They further emphasized that 
users rarely come upon ideal models without a high degree of initial 
trial and error by using various diagnostic approaches, suggesting 
that providing a tight loop between model design and evaluation is 
crucial. One expert pointed out that viewing contradictory evidence 
(e.g. exploring both classifcations and mis-classifcations together) 
can provide valuable insights, which suggests towards a need for 
intuitive diagnostic tools. Another practitioner revealed that often 
the model results felt puzzling at frst and deeper investigation of 
both source and target data samples provided clarifcations. For 
instance, observing diferences in model responses for two similar 
(but not identical) samples helps to identify problems. 

We used a qualitative coding methodology to identify the over-
arching challenges and salient elements of the mental models of 
our participants, focusing on the specifc process commonalities 
shared between them. These elements are summarized in Figure 
1 (b). We found three central patterns shared among participants: 
Selection, Assembly and Diagnostics. We also coded them by the 
nature of the task, identifying Functional (challenges faced by the 
user in operationalizing a task) and Conceptual (challenges faced 
by the user in interpreting candidates and results) elements. 

3.1.1 Selection (S). The frst step in the transfer learning workfow 
is to identify high-level (data set and models) and low-level (model 
components) transfer candidates. This requires overcoming the 
functional challenges of selecting source datasets (S1) that might 
be similar to the target dataset (S2), selecting models (S3) from the 
‘model-zoo’ as source model candidates, and identifying source 
model components (S4) that can be re-used for the target task. Ad-
ditionally, the user also needs to address the conceptual challenges 
of generating potential hypothetical transfer mechanisms (S5) and 
correctly interpreting the model’s learned representations (S6). 

3.1.2 Assembly (A). Once a potential transfer mechanism scenario 
between a source and target model is identifed, the user then needs 
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Figure 1: a) The transfer learning process in ML systems (model-agnostic) and in CNN models (model-specifc); b) a systematic 
view of challenges as faced by experts at various stages of transfer learning workfow. 

to operationalize the transfer. This includes building a functionally 
valid model (A3) from the building blocks, identifying diferent 
pieces of the source model (A1), and ftting pieces correctly into 
the target model (A2). For instance, in case of CNNs, the transfer is 
efected by copying the numerical weights learned by the source 
model into the parameters of the target model. These functional 
challenges also include training (A4) on target datasets and control-
ling whether the transferred components should also learn from 
target task or not. The user also needs to address the challenges 
pertaining to interpreting the transfer process (A5) and develop an 
understanding about the task execution process of the model (A6) 
in order to asses impacts on the target model. 

3.1.3 Diagnostics (D). Diagnosing the success and failure of a trans-
fer mechanism is central to the iterative nature of the transfer 
learning workfow. In this stage, the user establishes baseline model 
performance (D1) and assesses the model’s response (D2) both 
in isolation and in comparison with the baseline (D4). Inspecting 
instance- and class-level performance (D3) using appropriate met-

rics are some of the functional challenges faced by the users during 
diagnostics. Performance is often evaluated using more than one 
technique, making organizing evidence from diferent diagnostic 
methods important for decision-making (D5). Defning acceptable 
performance for the model in context to the target task and analyz-
ing the performance accordingly (D6) are some of the conceptual 
challenges faced by the user in this stage. For instance, when build-
ing an optical character recognition model for an image-to-text 

converter application, the user may need a higher level of perfor-
mance for frequently occurring words or characters (e.g. ‘e’), than 
less frequently occurring characters (e.g ‘z’), to meaningfully im-

prove the overall model accuracy. These domain specifc decisions 
guide the user towards hypothesizing better transfer mechanisms. 

Based on the above fndings, we designed a prototype that refects 
the intersection between the functional (data, model, visualization) 
and the conceptual (insights, hypotheses, actions) attributes, allow-
ing diferent operational paths during iterations. We hypothesize 
that a system that refects and nudges users towards expert behavior 
will help non-experts better adopt the transfer learning workfow. 

3.2 Task, CNN Model and Dataset Selection 
In order to construct an iML prototype, we targeted a single use 
case rather than attempting to build a general purpose system. We 
chose a simple task, English handwriting classifcation. This classif-
cation task was selected primarily because unlike other challenging 
tasks like scene/object detection, ML experts have created models 
that are highly accurate (99.99%) in classifying English handwritten 
characters. As our goal is not to deliver functional improvements to 
handwriting classifers, choosing a case that is "solved" guarantees 
that we will be able to provide users efective functional units to 
transfer. Further, the task lies at the intersection of vision and text 
classifcation – two common applications for ML models among 
non-experts. Finally, we could reliably recruit domain experts for 
this task, as participants were very likely to possess fundamental 
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knowledge of how they identify characters when reading and ought 
to be able to verbalize their process. This permits an exploration 
of the strategies non-experts employ when trying to build models 
using transfer learning ’building blocks’. Additionally, the visual 
simplicity of the task made sure that users were able to partici-
pate in the study without getting lost in intricate details of the 
dataset. We selected the EMNIST dataset [13] that contains images 
of handwritten uppercase English characters (A-Z), lowercase Eng-
lish character (a-z) and digits (0-9). The image size is small (28x28 
pixels) and hence faster to train with a shallow CNN model. A typi-
cal transfer learning process of CNN has been described in Figure 
1 (a). The CNN model we used for our study was a simple 4 layer 
shallow model (grey rectangles in Figure 2 (a)). 

4 SYSTEM DESIGN 
Following our initial investigation, we integrated the requirements 
identifed in the formative data gathering phase into a prototype 
tool which supports interactive transfer learning. We use this sys-
tem to understand the feasibility and efcacy of transfer learning 
in non-experts, probing how individuals conceptualize the process 
when the basic building blocks of the model design process are 
provided. Our goals are two-fold: First, we seek to provide insight 
into the sense-making process of non-expert users as they work 
through a transfer task in a lab setting in order to highlight the 
challenges they face and the strategies they adopt (and consider 
whether they are unique to this user base). Second, as in a tra-
ditional user-centered design inquiry, through the prototype and 
evaluations we seek to expose specifc problems that iML designers 
need to focus on when building systems for these target users. We 
did not seek to create an optimal tool that was production-ready or 
general purpose. Rather, we focused on teasing out the most salient 
components for a transfer learning system and encoding those into 
a working prototype. 

Our initial prototype focused on implementing the features iden-
tifed during interviews. We then conducted 3 rounds of pilot studies 
with multiple participants to validate that the prototype was gen-
erally usable. Through this formative investigation, we identifed 
several usability issues such as the absence of guiding messages, 
too small interface elements, and confusing button organization. 
One prominent issue experienced by all users was a lack of clarity 
concerning what to do when in the interface. Users did now know 
how and when to move between between diferent stages of the 
process (an insight that did not emerge during the expert inter-
views). We redesigned our interface to incorporate a pagination 
metaphor which reversibly directed users through steps. 

Our redesigned test-bed prototype was implemented as a pagi-
nated dashboard that nudged users through the transfer task (but 
ultimately permitted any workfow they desired). The tool is web-
based, employing Javascript, d3.js, convnet.js [32], HTML/CSS, and 
Python in the back-end. The interface provides users with 3 pre-
trained models for handwritten uppercase and lowercase English 
characters and Arabic numerals. Users also have access to individual 
samples, training, and test sets for each of the 3 datasets. As we did 
not employ GPU acceleration, training and testing times are higher 
than would be typical in a fnal system, but not so high that they 
are overburdening. We used the general workfow pattern shared 

among our formative participants (construct, train, test, [transfer, 
test,] investigate) to organize the interface. While it gently guides 
the user, they are also free to deviate from steps at any time. The 
fnal, post-redesign version is depicted in Figure 2 incorporating 
the following features: 

Creating models: To build a model, users drag and drop 
using a linked building blocks metaphor (transfer challenge S3). In 
a real-world setting, there are several diferent parameters to set 
and tune in order to create a new CNN model. To simplify the task 
given limited experimental time, we automated the setting of these 
parameters in the back-end, allowing users to control only select 
flter sizes, learning rate and sample sizes as part of assembly (A1). 
In the future, these settings might be tuned as an ‘advanced’ feature 
or automatically approximated. The models created by the user are 
also automatically verifed for functional/architectural correctness, 
and the system issues notifcations if the user accidentally placed 
incompatible computational units together (A3). 

Transferring elements: The same building-blocks metaphor 
which helps users to assemble a model also allows them to trans-
fer elements from pre-trained models using drag-and-drop from a 
storage tray, simulating a ‘model zoo’. A user can select individual 
components (S4) or an entire model (D1) as transfer candidates. To 
help users keep track of what they transferred, all of the layers are 
color-coded by source model (A2). By looking at the color of layer, 
the user can tell from which model it has been transferred. 

Training models: Users can confgure their training to in-
clude as many samples as desired, and identify particular class(es) 
they want to train (e.g. only train on ‘Z’; S2). The users can opt to 
prevent certain computational units from learning using a button 
(A4). While in practice a training tool ought to allow deeper lev-
els of confguration (e.g. allowing the user to select loss function, 
batch size, number of epochs, etc.), we automated the selection 
process of these features to help users focus on high level tasks. In 
future versions of our work, we envision a recommender system 
that suggests these parameters based on user workfow. 

Testing models: Users test models via a confguration panel 
similar to that of training. The users can choose the dataset (S1), 
classes, and the number of samples on which to test. The interface 
provides a real time view of instance-level classifcation as it occurs 
through a bar chart. This is useful to catch places where a model 
often makes mistakes. When testing is complete, a fnal accuracy 
number is displayed at the bottom (D4). 

In our formative work we identifed that experts manipulated 
input and model components in order to identify the "role" of trans-
ferred components (e.g. picking out loops in letters) and to probe 
the efcacy of a transfer. Therefore, we focused on providing several 
afordances for exploring the input-output space of the model. 

Probing with inputs: Users can select samples from the test 
dataset to analyze model performance (D2). The interface also al-
lows them to generate their own data samples (in this case, through 
sketching) to observe model performance under specifc scenarios– 
a feature that helps users develop an intuition about their model’s 
response to various stimuli (S5). The sketched sample is input to 
the model and results are presented in terms of confdence among 
classes (e.g. 60% l, 40% i). Users can also use an occlusion tool to 
hide portions of a sample from the model (e.g. eliminating serifs; 
S6), generating variations within a sample. 
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Figure 2: a) The prototype interactive transfer learning system (screenshot shows the model accuracy on overall lowercase and 
confdence on specifc instances of ‘z’ using a bar chart). b) Features provided at diferent stages include: i) pre-trained models 
simulating a ‘model zoo’; ii) selecting training datasets using drop down (learning hyperparameter settings are automated); iii) 
selecting specifc input training and test samples to investigate and modify; iv) visualizating models’ learned representations; 
v) exploring model response for the dataset (scatterplot) and individual classes (matrix plot). 
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Investigating model components: Users can visualize in-
termediate layer activations and flters’ learned representations 
(A5) in order to make better sense of the actual structure of the 
model. The prototype shows z-scores of each flter (D3). Deviation 
from mean is displayed to highlight rapidly changing flters. This 
view is linked to the input probes, helping users examine their 
model in detail. We also provide activation heatmaps [59] (A6). 

Investigating output: The transfer interface presents model 
performance through a clustered view and a confusion matrix. The 
clustered view uses t-SNE [39] to show class-level clusters onscreen 
in a pan/zoom scatterplot (D6). The confusion matrix can highlight 
small, per-sample errors which (despite their small scale) might be 
indicative of pervasive issues in the model. Both views are presented 
side-by-side (D5). 

5 METHODOLOGY 
To further our understanding of how non-experts employ transfer 
learning to build functioning ML models, we designed a lab study 
using our prototype. We conducted the study with participants 
from diverse backgrounds having minimal or no experience with 
ML systems and demonstrating specifc characteristics: domain 
expertise to contribute (their knowledge of reading and writing) and 
a desire to learn about ML and use it to complete a task (a side beneft 
of participant self-selection to engage in the study). These two 
characteristics match that of who we would expect to use a transfer 
learning tool in a real life scenario (e.g. a designer integrating a 
sentiment recognition tool into their app). We focus on several 
operating questions in the study in order to understand how well 
participants can perform transfer learning and their behavior. When 
given the necessary building blocks in a scafolded and interactive 
environment, a) can non-experts successfully adopt expert-curated 
ML models for a given task through transfer learning?, b) how 
do non-expert users reason about the transfer process?, c) what 
strategies do users adopt in order to conduct a transfer?, and d) 
what patterns do non-experts follow over multiple transfers? 

Participants for our study were recruited from a university pool. 
Our participant pool consisted of individuals who had no formal 
training in ML, coming from a variety of research university felds. 
While there was homogeneity in terms of age/education, as might 
be expected in a university pool, we worked to make sure that 
participants belonged to a variety of domain backgrounds (e.g. 
biology, communications, design). We specifcally recruited this 
group as a base case of participants who had fewer preconceptions 
and room for growth. Further, these individuals may be uniquely 
situated to leverage ML in the future in their own domains. After 
consenting, participants provided demographic information and 
reported their experience with programming, machine learning and 
neural networks via a pre-survey. We evaluated the participant’s 
ML expertise using this survey, and allowed only people who did 
not demonstrate any prior knowledge of ML topics. 

Due to lack of prior background, we specifcally included training 
materials at the start of sessions. Participants received an outline of 
ML models and how they work both in verbal and print form. Par-
ticipants were provided time to ask questions and had 10 minutes to 
get familiar with the tool. Following training, participants spent 60 
minutes completing the study task. Participants were encouraged 

to verbalize their thoughts following a think-aloud protocol. After 
completing the task, participants reported their experiences in a 
post-survey, frst completing the NASA Task Load Index (TLX)[22] 
and then answering qualitative free-response questions. Finally, ex-
perimenters conducted a verbal debriefng using a semi-structured 
protocol. We monitored all participant interactions with the proto-
type through a logger that also stored all of the models created by 
participants during their session as well as the data/datasets used 
to train and test them. Studies were conducted one-on-one with an 
ofce Windows 10 PC (in an efort to simulate a realistic context). 

Participants received the following problem: Design a model 
that can classify, as accurately as possible, handwritten samples of 
lowercase alphabetical characters (gathered from EMNIST dataset 
[13]). The participants had access to the prototype’s ‘model-zoo’, 
that stored expert curated pre-trained models (lowercase English 
alphabets (a-z), uppercase English alphabets (A-Z), digits (0-9)) 
as potential sources. They, however, did not have access to the 
models’ training dataset. Optimal performance in this task was not 
in fact achievable by copying the entire lowercase model in isolation. 
As training materials suggested, participants were reminded that 
though they could test an entire pre-trained model to learn about 
it, they ultimately had to mix and match. They were allowed to 
make as few or as many models as they liked in order to achieve 
the highest accuracy possible. We left the task open-ended because 
we did not want to prime participants with a particular strategy. 
As our formative work showed that experts often use intuition, 
we wanted to see how participants made sense of transfer as they 
experimented and where they applied their domain expertise. 

6 EMPIRICAL FINDINGS 
In total, 17 individuals participated in the study (of which 10 iden-
tifed as female and 7 as male). None of our participants reported 
knowledge of CNNs or transfer learning. All participants reported 
as being in the 18-25 age bracket. 3 participants claimed to be post-
graduate students and the other 14 current university students. 
During the study, 2 participants did not complete the task as they 
refused to follow the study protocol and instructions. We excluded 
their partial data, leaving 15 fnal participants. 

We focused our analysis on examining the overall success of par-
ticipants in the study in designing models, participants’ conceptual 
understanding of transfer, and how they executed the task. We used 
the event log data to corroborate some of the claims made by the 
participants during the think-aloud process. In this section, we frst 
synthesize the qualitative fndings from a study conducted with 15 
participants and then provide analysis of event-log observations in 
context to these fndings. Subsequently, we introduce a conceptual 
model grounded in these observations that provides insight into 
the broader workfow and interaction considerations for this type 
of iML interface. 

6.1 Qualitative Observations 
We recorded observations and think-aloud comments during the 
session as well as during the semi-structured debriefng interviews. 
Along with self-reported experiences from the post-task survey, we 
used an open coding methodology to organize these observations 
and reports. As we coded, several representative themes emerged: 
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Strategies in identifying transfer candidates: Participants 
generally employed several diferent strategies for identifying which 
elements to transfer at various iterations of the process. All strate-
gies required the participants to make sense of the data and model, 
generating hypotheses about what kinds of transfers might be fruit-
ful and what the results of a transfer would be. While some transfers 
were exploratory in nature (i.e. based on the notion "what would 
happen if I do this"), many transfers were driven by a bottom-up ap-
proach, integrating the participant’s understanding of the process 
and their own domain expertise. 

- Identifying targets through task similarities: Participants iden-
tifed transfer candidates from models trained on same (lowercase) 
or closely related (uppercase) datasets. For example, P11 commented 
“...It feels like digits do not have much to do with lowercase but up-
percase looks a lot like lowercase, so maybe I can use that". P11 con-
tinued,“... I am not sure how this thing works though, (but), maybe 
it will combine the images of uppercase and lowercase together 
in order to generate good response", pointing that relationship be-
tween diferent datasets was perceived as a leverage point. P14 also 
employed the strategy, thus commenting,“...I want to see if knowing 
diferent type of uppercase values can result in better performance". 
Every participant incorporated this strategy at some point in their 
session. These task similarity relationships were not only used to 
increase the model’s learned features , but were also used to inspect 
how robust the model was. For instance, P5 commented, “I wanted 
to see if it counts any of the uppercase as part of lowercase." 

- Identifying targets by probing the model: Participants scruti-
nized features learned by the pre-trained models in the ‘model-zoo’ 
by observing their response over diferent samples using the in-
vestigation tools. For instance, P12 made use of occlusion to infer 
model behavior, reporting, “...with [letter] ‘n’, when I occlude the 
lower bottom, I see it [model] thinks its a ‘z’, which is bad..." The 
participants probed the model using custom as well as existing sam-

ples to identify the precise features correlated with an outcome. For 
instance, P4 sketched 5 diferent variants of a to understand why 
their model confused it with another character. P12 spent signif-
cant efort in isolating samples that produced the “most accurate" 
response, while P7, after spending considerable time evaluating 
model responses on existing samples concluded that transfer may 
not work at all (P7:“...maybe the pre-trained ones have some sort of 
bias towards a particular set, so I will just create something that sees 
everything fresh"). This strategy suggested that participants relied 
on tools for probing models as a mechanism for testing hypotheses 
and making inferences about layer/model behaviors they observed. 

- Identifying targets using domain knowledge: As the tool of-
fered capabilities for testing the assumptions participants had made 
about task similarities through probing, they often were a means for 
integrating their domain expertise in the task. Participants specif-
cally used their own domain knowledge of the dataset - handwriting 
- to inform diferent transfer techniques. For instance, they focused 
on variations in how lowercase and uppercase letters are drawn, 
using those diferences to guide a transfer process (P16: “If there is 
a more weird looking character then it may be uppercase style and 
may get identifed using the green layer...", P11: “I am thinking of 
the diferent styles people write. So by introducing the digit style, it 
might ... give it more information..."). They further sought to employ 

their understanding of context to recognize potential transfer sce-
narios. For instance, P12 reported “...if I see [an] adjoining letter to 
the confusing ones, I can make sense... For instance, my q followed 
by u is likely q and not g..." and hypothesized that it might improve 
models further. Participants also requested to eliminate perceived 
erroneous samples that might be “messing up" the system (P1: “... 
if you draw b and a without a long tail, it looks like a 0"). This 
suggests that our participants readily made use of their unique 
domain expertise, so long as they had input tools which allowed 
them to encode their knowledge into probes (e.g. drawing letters). 

- Identifying targets based on understanding of model architecture: 
Participants frequently used their understanding of the model ar-
chitecture (albeit accurate or fawed) in order to complete the task. 
They asked questions about what each component meant and how 
they could alter it. These perceptions of the model architecture 
were key drivers in identifying potential transfer candidates. For 
instance, P7 perceived the stacked layers as some sort of logical 
fowchart where each layer performed a designated task, reporting, 
“...Its seems to me that by putting yellow [random initialized layer] 
towards the end... it might only learn some new information...", P9 
perceived the flters as computational units and justifed their hy-
pothetical transfer by reporting, “more computation power means 
more units doing the same job, .. I should defnitely assign more 
computation towards the end and less towards the beginning..." and 
P15 designed all models based on the perception that layer positions 
have an important role in how model behaves (P15: “ I think maybe 
position of layers is afecting the accuracy of the model, ... like [it 
matters] where I put the blue [lowercase] and green[uppercase] 
layers",P16: “I can see there were more flter in other layers, maybe 
they learnt from uppercase..."). These observations suggest that that 
our interactive interface provided afordances which evoked these 
crucial transfer learning concepts that were identifed during the 
preliminary data gathering phase. 

However, while these afordances helped users hypothesize about 
transfers dependent on model architecture, they did not provide 
accurate descriptions about the model’s learning process. We note 
that participants’ observations were highly sensitive to the ways 
in which the model was presented to them due to their low level of 
expertise. The interface and their understanding of the tool shaped 
how they went about constructing and testing models. In some 
cases this was advantageous, but in others it brought about risky 
assumptions that were not grounded by observed evidence. 

Role of perceptions of the learning process: During our 
data gathering phase, one key requirement was the need to iter-
ate over multiple models through diferent transfer procedures. In 
practice, this requires an analyst to train a model several times. We 
observed that while the participants were able to accomplish that, 
their specifc perceptions of the statistical learning process played a 
key role in their decision-making. Several participants interpreted 
model training as an incremental activity using the metaphor of 
human learning. For instance, when re-training the model with 
a new dataset, they presumed that it would implicitly retain the 
learning from previous iterations. The interface explicitly provided 
a toggle button to control the learning rate of a layer or a flter, 
giving users the authority to decide if they wanted to retain the 
learned parameters in the model or not. However, the participants 
rarely used this button because of their use of a human learning 
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metaphor, and it often led the participants to perform iterative 
training sessions with insignifcant results. Participants selected 
specifc samples to “show" the model, with the assumption that the 
training process will not change the model’s prior learning (P12: 
“ it doesn’t really need to re-learn the same information...", P14: “I 
want to see if it remembered anything from last time", P2:“...if I train 
each letter individually, then it should perform better"), and incre-
mentally trained their model to control what it learned (P4: “ I hope 
there was a way to train more specifc samples, I don’t want (to) 
just train the whole thing"). A prior study with UX designers [14] 
suggested that the diference between statistical notions of intelli-
gence and human intelligence may lead to conficted interpretations 
of machine results. In this research, not only did we observe the 
impact of this interplay during the users’ decision making process, 
but also observed that misinterpretations of the statistical learning 
process can pose signifcant barriers for non-expert users. While 
this is certainly an unexpected usability concern for our tool, more 
generally this is an issue that merits consideration for non-expert 
users engaging in test/train iterations. 

Adopting techniques for tracking progress: Participants 
often had to recall models that they had previously designed. Since 
they were instructed to achieve as high an accuracy as possible, 
they focused heavily on accuracy numbers in comparing past mod-

els to present. A common strategy amongst all participants was to 
keep track of the model that did best on a given dataset and try 
to work from there (P9 “I think the best combination was the one 
that I made before") potentially even recreating it if they wanted to 
backtrack (P1: “Maybe introducing digits was a bad idea. Okay, so 
I will revert back to the old model and train on lower case higher 
number of samples"). In general only 1-2 past transfers were tracked 
by participants, though for more distant transfers participants at-
tempted to retrace their ’cognitive steps’. They backtracked whole 
models and also often tried to backtrack pieces of prior models 
and combine them in new ways, leading to a sort of within-model 
transfer. While the experts did not talk in detail about this activity, 
the user studies demonstrated that tracking progress and being able 
to diferentiate between models/transfers is crucial for non-expert 
users who might be experiencing higher cognitive load. 

Finding patterns across model outcomes: Almost all par-
ticipants used the investigate output tab to identify a class where 
the model performed especially poorly (P7: “b were never mistaken 
for m, if you flled in that line (pointing to confusion matrix)"). A 
general technique for participants was to isolate data elements that 
had poor performance and only focus on them. They also used their 
domain knowledge to identify data samples that could make up the 
diference for variations. For instance, P11 hypothesized that g is 
much more common letter than q so it [model] may be just ignoring 
the tilt in the q... and some of the q look like 9, .. so maybe I can 
borrow..." The participants also employed poor strategies such as 
training only for one class, expecting that the model would retain 
all the previously learned features perfectly (P12: “I am trying to 
see how sensitive it is to u’s , v’s and w’s.... ohh. so now it is pretty 
good at only u’s and v’s..."). While the strategies they employed 
were generally intuitive, the execution misaligned with canonical 
techniques owing to how they perceived the process. Furthermore, 
1-2% changes in accuracy were seen by the participant as sufcient 

justifcation for a successful transfer technique or failure. The in-
vestigation tools were mostly used when the transfer was negative 
(i.e. the accuracy dropped). This suggests a need to mitigate users’ 
over-reliance on accuracy numbers and incorporate afordances in 
the tool which help in interpreting them explicitly. 

Attributing high importance to size and variation in data: 
All participants assigned high importance to the number of samples 
they used. Their frst hypothesis often was that training and testing 
models on higher number of samples for each class would always 
yield better accuracy (P4: “bigger sample means more variation"). 
Every participant tried to adjust sample size to achieve higher 
accuracy and wanted to enhance the dataset by adding many of 
their own samples in order to inform the model of more variations. 
The notion of "teaching" the model aligns with the previous fnding 
on concept overlap risks/rewards. 

6.2 Observations from usage patterns 
We analysed participant system usage patterns using data from 1) 
an event logger that captured all participant interactions including 
the models they built, what layers they used, and on what datasets 
they trained/tested the model; and 2) self-reported survey results. 
While the survey results provided insights into the demographics 
and the cognitive load participants experienced while using the 
tool, the event logger provided insights into their conceptual under-
standing. We analyzed how individuals’ transfer strategies and use 
of the tool evolved over time through aggregated workfows (e.g. 
moving from Creating to Testing to Investigating Input to Training 
and then back to Testing), and time distribution as shown in Figure 
3. We visualize these data in a state diagram where each circle de-
notes one of the 6 steps of the process. Links between states signify 
that the user moved between them, weighted by how frequently the 
user moved. We only picked transitions where the user actually per-
formed the task and eliminated random clicks. These state diagrams 
are shown in Figure 3 (b). We also visualize the models they created 
using stacked bars, color-coded for the diferent layers participants 
chose to use. Although users built many models during the session, 
we selected only the models that users opted to test/inspect and 
recorded their accuracy. 

In examining log data, we noticed several important patterns 
participants employed. We identifed these patterns by tracking the 
models they designed in the Create, and Train and Test stages. Our 
event logger captured every single model involved in all 6 stages. 
On an average, participants designed a wide number of models 
(��� = 14, ��� = 4.3, �� = 3.1). However, some participants 
had the same models in the Create and Train stages, suggesting 
a model-centric approach, while other participants ended up with 
signifcantly fewer models in Create stage than in Train stages thus 
suggesting a data-centric pattern. These are described below. 

Model-centric patterns: Some users navigated more frequently 
between Creating a Model, and Training/Testing (Construct stages). 
Their information-seeking strategy was to test diferent variants of 
models on the same data, occasionally varying the size of training 
and test dataset. We identifed these participants (40%) by their 
model-building behavior and then studied the distribution of their 
session time across diferent stages. We observed that these users 
spent slightly more time on Investigate stages (� = 53.01%) (Io, Im, 



             

                    
                  

                  
                     

                   
        

             

                    
                  

                  
                     

                   
        

             

                    
                  

                  
                     

                   
        

CHI ’21, May 8–13, 2021, Yokohama, Japan Swati Mishra and Jefrey M Rzeszotarski 

Figure 3: a) Time distribution of each participant and b) examples of workfows adopted by participants for the three patterns 
observed. The state-fow diagram shows the frequency of participants’ movement between the 6 stages. A darker (and thicker) 
line between 2 stages means the participant moved more frequently between them. Also shown alongside are select models 
built by the participants (vertical stack of colored rectangles). Each layer in the model is color-coded by its origin. For instance, 
a blue rectangle in a stack means the participant selected this layer from pre-trained lowercase model. A triangle represents 
the dataset used to train/test that particular model. 
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Ii in Figure 3) as compared to the users who adopted data-centric 
approach (� = 44.76%). However, this diference was not very 
signifcant statistically (� (9) = 1.36, � = 0.20). The proportion of 
time spent by both of these user groups was also not signifcantly 
diferent for Im and Ii stages and only marginally diferent for Io 
(� (9) = 1.46, � = 0.17). When observed closely, this suggests that 
even though one would expect users practicing a model-centric 
approach to spend more time creating, training/testing the models, 
these users might be guiding their hypothesis using information 
gathered from investigating both data and model. 

Data-centric patterns: On the other hand, several participants 
quickly arrived at a model and navigated frequently between Test 
and Train stages. Their information-seeking behavior was to try 
diferent datasets on the same model, occasionally and slightly mod-

ifying the model. These participants (33.3%) often reported relying 
on their understanding about the data to inform the transfer process. 
We observed that these users spent a slightly higher proportion of 
time in Construct stages (C, Tr,T in Figure 3) (� = 55.24%) than 
the users who adopted a model-centric approach (� = 46.98%), but 
with marginal signifcance in the diference between the two groups 
(� (8) = −1.34, � = 0.21), suggesting that investigation tools were 
proportionately used to inform these strategies. It is also important 
to note that the time spent in the Tr and T stages was proportional 
to the size of the dataset selected. So users who frequently trained 
and tested on large sample sizes recorded a high proportion of time 
spent in these stages. 

Balanced approach patterns: We observed that several users 
employed a mixed approach where they switched between data-
centric and model-centric approaches. The users designed several 
models by training and testing on same datasets, and then switched 
to refning select models using diferent datasets. This strategy is 
distinct in state fow diagrams (Figure 3(b)). The users who em-

ployed this approach generated hypotheses that were based both 
on model outcome and their interpretations of data relations. 

In addition to the observed patterns, we also found that partici-
pants spent signifcantly more time on investigating output than 
investigating input and models (� (2, 28) = 32.27, � <= 0.001∗∗). We 
also ft a linear model for the number of models designed, trained 
or tested by the users over time to demographic factors in an ef-
fort to isolate any infuence of prior technical experience on user 
performance. Using self-reported gender identity and technical 
experience as predictors for accuracy (age was not included as it 
was largely uniform over participants), model ft was generally 
poor (� (11, 3) = 0.70, � = 0.57). We also analyzed the TLX scores 
reported by the users in the post-survey to measure the cognitive 
load by experienced by the users. As might be expected, we found 
that users who designed more models self-reported lower cognitive 
load (� = −1.03, � = −2.62, � = 0.02∗), indicating that users who 
felt less overloaded by the tool were more able to efciently use it 
to build models. 

7 CONCEPTUAL MODEL 
In our study we observed that, given the right support, users were 
able to employ their domain knowledge in successfully transferring 
elements from expert-curated models into their own models. Con-
sidering participant sessions holistically and concentrating on the 

qualitative themes and event patterns exposed in our data, we con-
structed a higher level representation of the diferent information 
pathways these non-experts pursued when performing transfer 
learning over multiple iterations. Much as in traditional work on 
sensemaking [42], we construct this model in order to identify 
potential leverage points in interactive transfer learning tools for 
non-expert users. Further, we can use this model as a lens through 
which to refect on key points where our participants difered from 
experts on a procedural or informational level. In the following 
paragraphs we walk through this model as shown in Figure 4. 

Gathering Information: ML non-experts do not come into 
the task with background knowledge or intuitions for identifying 
transfer candidates as experts do. Instead, they begin the process by 
gathering information through experimentation and probing. This 
is akin to "What-if Analysis" (WIA). In WIA, users capture and study 
the response of a system under diferent conditions. In our data, 
two kinds of WIA strategies emerge: data-oriented WIA and model-
oriented WIA. In data-oriented WIA, a user keeps the model constant 
and studies its response to various data instances. User strategies 
pertaining to probing the model are instances of data-oriented WIA. 
In model-oriented WIA, the user keeps the data constant and studies 
the ft of various model combinations on it. This requires them to 
employ strategies that incorporate knowledge of model architecture 
and functionality to correctly interpret the results and formulate 
hypotheses. While both techniques yield richer information, model-

oriented WIA has higher costs with respect to time, efort and 
cognitive complexity. For non-experts these costs may be too high, 
but experts are more liable to use model-oriented WIA as their 
cost structure is reduced by experience and training. Key here 
for interactive systems is to ofer tools which reduce the costs of 
exploring alternative model formulations while providing precise 
explanations of model architecture. 

Hypothesis Generation: After gathering information, partic-
ipants hypothesize and identify transfer candidates. Not all machine 
knowledge is transferable, and identifying potential avenues can 
be challenging. In order to locate a transfer, individuals must syn-
thesize knowledge both about the model as well as about the data. 
Data Knowledge refers to the user’s insights and intuitions about 
the dataset. User hypotheses are often based on data knowledge 
acquired outside of the ML environment. On the other hand, Model 
Knowledge refers to the user’s information about the model per-
taining to its architecture, learned representations and working 
components, which is often acquired within the ML environment. 
Both of these inform hypothetical transfer techniques. However, 
as in the previous stage, hypothesizing imposes difering costs and 
challenges based on expertise. For an expert, data knowledge comes 
from knowledge of statistical relationships (based on metadata like 
size, variance, density and complexity) and model knowledge refers 
to the fundamentals of model design and learned representations. 
On the other hand, data knowledge for non-experts primarily comes 
from their own domain knowledge (content, implications, insights, 
behavior) and model knowledge from specifc model compositions 
that seemed to work in previous iterations. Even though the cog-
nitive cost of acquiring model knowledge is signifcant high for 
non-experts, the lack of this knowledge may lead to inadequate use 
of data knowledge. A potential avenue for enhancement in systems 
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Figure 4: The resulting conceptual model. Lower items have less complexity/costs versus upper items. Iteration happens within 
steps, between steps, and from the start to the end of the model. Users exit at the right. 

is augmenting the gathering of model knowledge and providing 
candidate recommendations to reduce perceived costs. 

Searching for Evidence: Having now transferred their can-
didate into the model, the user must again gather evidence in order 
to determine if the transfer was successful (testing their hypothe-
sis). A transfer may be rejected based on negative evidence (e.g. a 
decrease in model accuracy ) or may be supported by confrming 
evidence (e.g. higher accuracy on elements hypothesized ). At this 
stage, the user ought to explore both sides in order to fully evalu-
ate their success. However, the presence of confrmation bias and 
reductive-but-easy-to-interpret measures such as test accuracy can 
cause non-experts to fxate on low-cost, low-information evidence. 
Strategies relying on probing the model with samples, examining 
model structure, and observing per-class output are more challeng-
ing, but might provide fne-grained insights about performance. For 
an expert, the costs of these more advanced analytical techniques 
are reduced. This points towards opportunities not only in making 
systems that are generally more resistant to analysis bias, but also 
in drawing users’ attentions to other measures of success beyond 
numeric accuracy through nudges. 

Integrating: Finally, the participant must decide what action to 
take as a result of the evidence they have observed. If the transfer 
failed and they noticed it, then they ought to return back to the 
start of the process and make another attempt. If it succeeded, then 
they must decide whether to loop for more improvements or to 
satisfce. Key in this stage is gathering evidence to identify when 
the model is sufciently performant and integrating the evidence 
found into an action plan. On a shallow level, one might iterate and 
try something new. Though it imposes higher costs, a strategy of 
analyzing evidence to identify the key weakness or specifc beneft 
of a transfer might deliver better results by hastening future itera-
tive developments. For experts, practice might make this strategy 
less costly through intuition. Non-experts, due to higher costs, are 
more likely to take the shortcut strategy or prematurely end with 

a sub-par result. Tools that push users to better evaluate model 
performance and identify next steps may help to reduce costs. 

8    DISCUSSION    
In this paper we frst designed a prototype tool for building and 
evaluating machine learning models using transfer learning and 
used it as way to probe how non-experts might use such tools 
through a lab study. In examining our lab study data, we identi-
fed key breakpoints and patterns of use which both aligned and 
misaligned with patterns reported by expert users. In many cases, 
lack of expertise shaped the way in which the tool was used by 
non-experts, and is a key place for consideration in the design of 
future tools. In identifying general working strategies for our par-
ticipants, we found how diferent users fxate on data-, model-, and 
performance-level factors as they build. For each of these, there 
are potential leverage points in providing helpful afordances or 
nudges in the right direction. Thinking more broadly, in this section 
we refect on the overarching design issues and trade-ofs for iML 
tools which support transfer learning with an aim towards issues 
which generalize beyond transfer learning interfaces into general 
ML tools for non-experts. 

Mitigating misaligned learning perceptions using design: 
In the early stages of our interface design, our focus was to address 
the functional and conceptual challenges that non-experts might 
encounter. The prototype not only provided the building blocks 
to help in selecting, assembling and diagnosing a model, but also 
provided a scafolded environment to guide users in how to use 
these building blocks. Our study, however, indicated that the per-
ceptions of learning played an important role in how these building 
blocks were employed by participants. Users’ perceptions about 
how the machine ’learns’ were often derived from their inherent un-
derstanding of the human learning process. As a result, underlying 
diferences between the two often lead to misinterpretations (e.g. 
how model training functions statistically). The users also relied 
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on these perceptions to fll gaps in their knowledge as early in the 
process as the information gathering phase. When unaccounted 
for, these misinterpretations bring the risk of users inadvertently 
encoding values, assumptions, and beliefs that may produce per-
formant models with concerning defciencies (e.g. bias towards a 
certain data sample). One possible way that designers might mit-

igate the impact of these misinterpretations is by incorporating 
intuitive visualizations of the declarative knowledge of the model. 
For instance, if every training iteration in the model erases its prior 
learned weights, a visual metaphor should provide the users with 
explicit feedback demonstrating this behavior. Incorporating the 
elements of declarative knowledge with the procedural knowledge 
of model design (what steps to take next) into the interface can help 
non-expert users integrate their domain expertise into ML design 
process. More generally, there is a need to develop visualizations 
and descriptions which efciently convey to users the actual behav-
ior at play, and to avoid assumptions about users’ mental model of 
the ML process. 

Designing comprehensive model assessment and tracking: 
Our study task required non-expert users to design a model that 
can correctly classify handwriting samples in lowercase English 
using expert-curated pre-trained models. Users demonstrated com-

petence and applied a number of strategies to assess the model’s 
performance: generating adversarial examples to fool the system 
and test its robustness, dissecting model performance on ambigu-
ous samples, and comparing outcome distances amongst diferent 
groups of samples. Accuracy as a percentage, however, remained 
the most-used measure of model performance. Since it is memorable 
and easy to track across diferent iterations, it is a convenient target 
for fxation, to the point that other performance measures such as 
robustness and generalizability are ignored. Further, this measure-

ment is highly sensitive to misinterpretation. For instance, accuracy 
percentages compared across two models tested on slightly difer-
ent sizes of data samples lose statistical meaning. Designers and 
researchers might alleviate this issue by explicitly encoding base-
line measures into the tool. By designing and integrating model 
assessment features that provide a comprehensive view of a single 
model (such as (mis-)classifcation matrices or distribution across 
feature spaces), cognitive load as well as accuracy fxation might 
be reduced. In the most extreme case, it may be most efcient to 
avoiding revealing accuracy to novices at all, and only to make use 
of indirect measures which are more robust against over-reliance 
and misinterpretation. 

Managing information across multiple iterations: While in 
some cases users in the study were cognizant of the risks of com-

paring accuracy over disparate model iterations, they experienced 
serious difculty in managing information across transfers, which 
often led to misguided hypotheses concerning potential transfer 
candidates. In general, we observed highly iterative workfows 
across our participants. However, they expressed difculty tracking 
their progress over time as complexity rose. While participants of-
ten wanted to refer back to previous models, the afordances of our 
system made it such that they had to recreate past steps. Though 
this might be alleviated with a traditional history and undo/redo 
stack, it also points to a deeper question. Participants were readily 
able to store and recall past instances of model training through 

the procedures they used and often used such process informa-

tion in order to contextualize their next iteration. In the future 
as more complete tools are built, there remains an open question 
as to how best to surface historical and process data to users so 
that it aligns with their understanding and goes beyond individual 
interface steps. 

Assessing and mitigating risks of scafolding tasks: Our in-
terface design focused on scafolding a conceptually difcult task 
(transfer learning) for non-expert users. Decomposition of the pro-
cess into functionally similar steps, schematic visual metaphors 
shared between stages to promote a consistent mental model, and 
intuitive feedback structures all worked to help users perform com-

plex transfer learning operations from one model to another. More 
importantly, these elements allowed users to focus their mental 
efort on integrating their domain knowledge into the models. How-
ever, scafolding comes with the risk of forcing individuals to follow 
a predetermined pattern inherently conveyed by the interface. We 
observed in our study that towards the start of the sessions, users 
were hesitant to break from this pattern. While this was a useful 
step in quickly familiarizing users with a valid workfow, extensive 
scafolding poses risks of railroading users. Prior work in the de-
sign community has emphasized how early stages of a prototyping 
process can cause individuals to fxate on singular, potentially dis-
advantageous paths, risking poisoning the entire workfow [15]. 
This risk might be mitigated by providing multi-stage, hierarchical 
or recommender-driven scafolding that allows users to arrive at 
workfows that best suit their needs. Recommender systems that 
specifcally focus on suggesting useful next steps based on the users 
prior steps in the transfer learning workfow pipeline may assist 
non-expert users in their progress. It is important to note that one 
can be scafolded through both a successful and a deceptively success-
ful workfow, and it is contingent on system designers to consider 
potential adversarial and unexpected situations which non-expert 
users might ignore or fail to notice. Therefore, it would be worth-
while to explore the nuances of an expert’s workfow in transfer 
learning tasks and identify strategies that evoke those intuitions 
among all kinds of users. 

9 LIMITATIONS 
There are a few limitations to consider with regards to our prototype 
system, study methodology, and analysis. Since, our interface was 
designed specifcally for transfer learning with CNN models, it did 
not account for the unique nuances that other models might bring. 
Scafolding the model design process as well as specifc inspection 
afordances may difer substantially in the case of other models, 
though we believe general non-expert patterns of use will remain 
consistent. As our interface was not intended to be production tool, 
many hyper-parameters were hard-coded with best estimates for 
our limited task-set and the back-end could only handle shallow, 
4-layer models. While this sufced for character recognition, it 
would not be suitable for more in-depth modeling and may be 
another area where non-experts will need specifc support. Studying 
more complex cases might ofer richer data, as it would enable 
even more domain-specifc evaluations of transfer by novices (e.g. 
art historians performing artist recognition) at the risk of narrow 
study populations and a greater training burden. Additionally, while 
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images and natural language datasets, as used in this study, may 
be more intuitive for non-expert users to work with, performing 
transfer learning with advanced tabular (or purely numerical) data 
may pose signifcant challenges. One open question remaining 
from our limited case is also in how biases might propagate during 
transfer of more complex models and remain undetected due to 
user implicit bias (or oversight). While we believe our overarching 
workfow fndings represent a general pattern, task complexity is a 
threat to generalizability that ought to be studied further. 

Our study methodology was again limited in terms of sample, 
tasks, and duration. Much remains to be learned from more diverse 
populations of users beyond a university environment, and longer 
duration studies might expose additional insights from novices or 
asymptotic gains in task performance. This is an area where a for-
mal contextual design process or activity theoretic analysis could 
provide deeper insights. While we endeavored to fnd cross-cutting 
themes in our qualitative data and align them with log and quanti-
tative results, they may still be subject to biases from peculiarities 
in our interface, study environment, or analytic approach. In the 
future we hope to investigate transfer in higher complexity/stakes 
situations through connections to citizen science. Such eforts could 
provide access not only to expert use cases, but also eager novices 
who might want to experiment with ML. To make fnding and 
employing transfer candidates easier, we propose utilizing the ex-
tended repositories of models and connect them with interactive 
tools that help users to identify transfer candidates with a large 
user base. Finally, we hope to explore how other interfaces (e.g. 
Tensorfow) deviate from the process model we observed. 

10    CONCLUSION    
In this paper we designed and evaluated an interactive environment 
for transfer learning. We gathered qualitative and quantitative data 
in order to synthesize a conceptual model that identifed key themes 
and leverage points in the users’ information-seeking behavior in 
the environment. Our fndings suggest that while non-experts are 
able to conduct transfers across models by relying on their domain 
expertise, their progress is frequently impeded by inaccurate per-
ceptions of the machine’s learning process. As machine learning 
models continue to grow in complexity and reach more individuals 
across the globe, there is an opportunity for new systems to unravel 
these complexities, allowing diverse individuals to employ these 
powerful tools in their everyday lives. 
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