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Abstract

Our paper aims to automate the generation of
medical reports from chest X-ray image inputs,
a critical yet time-consuming task for radiolo-
gists. Existing medical report generation ef-
forts emphasize producing human-readable re-
ports, yet the generated text may not be well
aligned to the clinical facts. Our generated
medical reports, on the other hand, are flu-
ent and, more importantly, clinically accurate.
This is achieved by our fully differentiable and
end-to-end paradigm that contains three com-
plementary modules: taking the chest X-ray
images and clinical history document of pa-
tients as inputs, our classification module pro-
duces an internal checklist of disease-related
topics, referred to as enriched disease embed-
ding; the embedding representation is then
passed to our transformer-based generator, to
produce the medical report; meanwhile, our
generator also creates a weighted embedding
representation, which is fed to our interpreter
to ensure consistency with respect to disease-
related topics. Empirical evaluations demon-
strate very promising results achieved by our
approach on commonly-used metrics concern-
ing language fluency and clinical accuracy.
Moreover, noticeable performance gains are
consistently observed when additional input in-
formation is available, such as the clinical doc-
ument and extra scans from different views.

1 Introduction

Medical reports are the primary medium, through
which physicians communicate findings and diag-
noses from the medical scans of patients. The pro-
cess is usually laborious, where typing out a medi-
cal report takes on average five to ten minutes (Jing
et al., 2018); it could also be error-prone. This has
led to a surging need for automated generation of
medical reports, to assist radiologists and physi-
cians in making rapid and meaningful diagnoses.
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Its potential efficiency and benefits could be enor-
mous, especially during critical situations such as
COVID or a similar pandemic. Clearly a successful
medical report generation process is expected to
possess two key properties: 1) clinical accuracy,
to properly and correctly describe the disease and
related symptoms; 2) language fluency, to produce
realistic and human-readable text.

Fueled by recent progresses in the closely related
computer vision problem of image-based caption-
ing (Vinyals et al., 2015; Tran et al., 2020), there
have been a number of research efforts in medical
report generation in recent years (Jing et al., 2018,
2019; Li et al., 2018, 2019; Xue et al., 2018; Yuan
et al., 2019; Wang et al., 2018; Yin et al., 2019;
Lovelace and Mortazavi, 2020; Srinivasan et al.,
2020). These methods often perform reasonably
well in addressing the language fluency aspect; on
the other hand, as is also evidenced in our empirical
evaluation, their results are notably less satisfac-
tory in terms of clinical accuracy. This we attribute
to two reasons: one is closely tied to the textual
characteristic of medical reports, which typically
consists of many long sentences describing vari-
ous disease related symptoms and related topics
in precise and domain-specific terms. This clearly
sets the medical report generation task apart from a
typical image-to-text problem such as image-based
captioning; another reason is related to the lack of
full use of rich contextual information that encodes
prior knowledge. These information include for
example the patient’s clinical document describing
key clinical history and indication from doctors,
and multiple scans from distinct 3D views — infor-
mation that are typically existed in abundance in
practical scenarios, as e.g. in the standard X-ray
benchmarks of Open-I (Demner-Fushman et al.,
2016) and MIMIC-CXR (Johnson et al., 2019).

The aforementioned observations motivate us to
propose a categorize-generate-interpret framework
that places specific emphasis on clinical accuracy
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Figure 1: Our approach consists of three modules: a classifier that reads chest X-ray images and clinical history to
produce an internal checklist of disease-related topics, a transformer-based generator to generate fluent text, and
an interpreter to examine and fine-tune the generated text to be consistent with the disease-related topics.

while maintaining adequate language fluency of the
generated reports. It consists of a classifier module
reads chest X-ray images (e.g., either single-view
or multi-view images) and related documents to
detect diseases and output enriched disease embed-
ding, a transformer-based medical report generator,
and a differentiable interpreter to evaluate and fine-
tune the generated reports for factual correctness.
The main contributions are two-fold:

* A differentiable end-to-end approach is pro-
posed, consisting of three modules (classifier-
generator-interpreter): the classifier module
learns the disease feature representation via
context modeling (section 3.1.3) and disease-
state aware mechanism (section 3.1.4); the
generator module transforms the disease em-
bedding to medical report; the interpreter mod-
ule reads and fine-tunes the generated reports,
enhancing the consistency of the generated
reports and the classifier’s outputs.

* Empirically our approach is shown to outper-
form against a number of strong baselines
over two widely-used benchmarks on an equal
footing (i.e. without accessing to additional
information). Moreover, empirical evidence
demonstrates clinical patient history as well
as additional scans may play a vital role in im-
proving the quality of the generated reports.

2 Related Work

2.1 Image-based Captioning and Medical
Report Generation

Apart from some familiar topics such as disease de-
tection (Oh et al., 2020; Luo et al., 2020; Lu et al.,
2020b; Rajpurkar et al., 2017; Lu et al., 2020a;
Ranjan et al., 2018) and lung segmentation (Es-
lami et al., 2020), the most related computer vision
task is the emerging topic of image-based caption-
ing, which aims at generating realistic sentences or
topic-related paragraphs to summarize visual con-
tents from images or videos (Vinyals et al., 2015;
Xu et al., 2015; Goyal et al., 2017; Rennie et al.,
2017; Huang et al., 2019; Feng et al., 2019; Pei
et al., 2019; Tran et al., 2020). Not surprisingly, the
recent progresses in medical report generation (Jing
etal., 2018, 2019; Li et al., 2018, 2019; Xue et al.,
2018; Yuan et al., 2019; Wang et al., 2018; Yin
et al., 2019; Lovelace and Mortazavi, 2020; Srini-
vasan et al., 2020; Zhang et al., 2020; Huang et al.,
2021; Gasimova et al., 2020; Singh et al., 2019;
Nishino et al., 2020) have been particularly influ-
enced by the successes in image-based captioning.

The work of (Vinyals et al., 2015; Xu et al.,
2015) is among the early approaches in medical re-
port generation, where visual features are extracted
by convolution neural networks (CNNs); they are
subsequently fed into recurrent neural networks
(RNN5s) to generate textual descriptions. In reme-
dying the issue of inaccurate textual descriptions, a
secondary task is explicitly adopted by (Jing et al.,
2018; Srinivasan et al., 2020) to select top-k most
likely diseases to gauge report generation. The
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methods of (Jing et al., 2019; Li et al., 2018), on
the other hand, consider a reinforcement learning
process to promote generating reports with correct
contents. It has been noted by (Jing et al., 2018,
2019; Li et al., 2018) that traditional RNNs are
not well suited in generating long sentences and
paragraphs (Vaswani et al., 2017; Krause et al.,
2017), which renders them insufficient in medical
report generation task (Jing et al., 2018). This is-
sue is relieved by either conceiving hierarchical
RNN architectures (Krause et al., 2017) (Jing et al.,
2018, 2019; Li et al., 2018; Xue et al., 2018; Yuan
et al., 2019; Wang et al., 2018; Yin et al., 2019),
or resorting to alternative techniques including in
particular the recently developed transformer archi-
tectures (Vaswani et al., 2017) (Srinivasan et al.,
2020; Lovelace and Mortazavi, 2020).

It is worth noting that most existing methods
concentrate on the image-to-fluent-text aspect of
the medical report generation problem; on the other
hand, their results are considerably less well-versed
at uncovering the intended disease and symptom
related topics in the generated texts, the true gems
where the physicians would base their decisions
upon. To alleviate this issue, a graph-based ap-
proach is considered in (Li et al., 2019): it starts
by compiling a list of common abnormalities, then
transforms them into correlated disease graphs, and
categorizes medical reports into templates for para-
phrasing. Its practical performance is however less
stellar, which may be credit to the fact that (Li et al.,
2019) is fundamentally based on detecting abnor-
malities from medical images, thus may overlook
other important information.

2.2 Transformers

The transformer technique (Vaswani et al., 2017)
is first introduced in the context of machine trans-
lation with the purpose of expediting training and
improving long-range dependency modeling. They
are achieved by processing sequential data in par-
allel with an attention mechanism, consisting of
a multi-head self-attention module and a feed-
forward layer. By considering multi-head self-
attention mechanisms, including e.g. a graph at-
tention network (Velickovic et al., 2018), recent
transformer-based models have shown consider-
able advancement in many difficult tasks, such as
image generation (Chen et al., 2020), story gener-
ation (Radford et al., 2018), question answering,
and language inference (Devlin et al., 2019).

2.3 CheXpert Labeler

The CheXpert labeler (Irvin et al., 2019) is a rule-
based system that extracts and classifies medical
reports into 14 common diseases. Each disease la-
bel is either positive, negative, uncertain, or unmen-
tioned. This is a crucial part in building large-scale
chest X-ray datasets, such as (Irvin et al., 2019;
Johnson et al., 2019), where an alternative manual
labeling process may take years of effort. It could
also be used to evaluate the clinical accuracy of a
generated medical report (Liu et al., 2019). Another
important use of the CheXpert labeler is to facil-
itate the generation of medical reports. Since the
rule-based CheXpert labeler is not differentiable,
it is regarded as a score function estimator for re-
inforcement learning models (Liu et al., 2019) to
fine-tune the generated texts. However, the rein-
forcement learning methods are often computation-
ally expensive and practically difficult to conver-
gence. As an alternative, Lovelace et al. (Lovelace
and Mortazavi, 2020) propose an attention LSTM
model and fine-tune the generated report via a dif-
ferentiable Gumbel random sampling trick, with
promising results.

3 Ouwur Approach

Our framework consists of a classification module,
a generation module, and an interpretation module,
as illustrated in Fig. 1. The classification mod-
ule reads multiple chest X-ray images and extracts
the global visual feature representation via a multi-
view image encoder. They are then disentangled
into multiple low-dimensional visual embedding.
Meanwhile, the text encoder reads clinical docu-
ments, including, e.g., doctor indication, and sum-
marizes the content into text-summarized embed-
ding. The visual and text-summarized embeddings
are entangled via an “add & layerNorm” opera-
tion to form contextualized embedding in terms
of disease-related topics. The generation module
takes our enriched disease embedding as initial in-
put and generates text word-by-word, as shown in
Fig. 2. Finally, the generated text is fed to the in-
terpretation module for fine-tuning to align to the
checklist of disease-related topics from the classifi-
cation module. In what follows, we are to elaborate
on these three modules in detail.
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Figure 2: An exemplar illustration of our approach in action. Specifically, the enriched disease embedding pro-
duced from the classification module are fed into the generation module as initial inputs. Then, at each time step,
the hidden state h; is obtained to predict the next output word. Finally, the interpretation module takes as input all
predicted outputs W to produce a checklist of disease-related topics, which are to be gauged with the same topics
output from the classification module for consistency verification.

3.1 The Classification Module
3.1.1 Multi-view Image Encoder

For each medical study which consists of m chest
X-ray images { X; }" ,, we extract the correspond-
ing latent features {z;}7", € R® where c is the
number of features, via a shared DenseNet-121
image encoder (Huang et al., 2017). Then, the
multi-view latent features = € R® can be obtained
by max-pooling across the set of m latent features
{x;}", as proposed in (Su et al., 2015). When
m = 1, the multi-view encoder boils down to a
single-image encoder.

3.1.2 Text Encoder

Let 7" be a text document with length [ consisting of
word embeddings {w1, wa, ..., w; }, where w; € R®
embodies the i-th word in the text and e is the
embedding dimension. We use the transformer
encoder (Vaswani et al., 2017) as our text feature
extractor to retrieve a set of hidden states H =
{h1, ha, ...,y }, where h; € R€ is the attended
features of the i-th word to other words in the text,

;W) ey

h; = Encoder(w;|w1, wa, ...

The entire document 7' is then summarized
by @ = {q1,9,-..,qn}, representing n disease-
related topics (e.g., pneumonia or atelectasis) to
be queried from the document. We refer to this
retrieval process as text-summarized embedding
Dy € R™*€,

Dy = Softmax (QHT) H. 2)

Here matrix () € R™*¢ is formed by stacking the
set of vectors {q1,q2,...,qn} Where ¢; € R€ is
randomly initialized, then learned via the atten-
tion process. Similarly, the matrix H € R!*¥€ is
formed by {h1, ho, ..., h;} from Eq. (1). The term
Softmax(Q HT) is the word attention heat-map for
the n queried diseases in the document. The intu-
ition here is for each disease (e.g., pneumonia) to
be queried from the text document 7". We only pay
attention to the most relevant words (e.g., cough
or shortness of breath) in the text that associates
with that disease, also known as a vector similarity
dot product. This way, the weighted sum of these
words by Eq. (2) gives the feature that summarizes
the document w.r.t. the queried disease.

3.1.3 Contextualized Disease Embedding

The latent visual features z € R are subsequently
decoupled into low-dimensional disease represen-
tations, as illustrated in Fig. 1. They are regarded
as the visual embedding Dine € R™*°, where each
row is a vector ¢;(z) € R® j = 1,...,n defined
as follows:

¢;(x) = Alz + by, 3)

Here A; € R°*° and b; € R® are learnable pa-
rameters of the j-th disease representation. n is
the number of disease representations, and e is
the embedding dimension. Now, together with the
available clinical documents, the visual embedding
Djpng and the text-summarized embedding Dy are
entangled to form contextualized disease represen-
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tations Diygeq € R™%€ as
Drysed = LayerNorm(Dimg + D). (4)

Intuitively, the entanglement of visual and tex-
tual information allows our model to mimic the
hospital workflow, to screen the disease’s visual
representations conditioned on the patients’ clin-
ical history or doctors’ indication. For example,
the doctor’s indication in Fig. 1 shows cough and
shortness of breath symptoms. It is reasonable
for a medical doctor to request a follow-up check
of the pneumonia disease. As for the radiologists
receiving the doctors’ indication, they may prior-
itize diagnosing the presence of pneumonia and
related diseases based on X-ray scans and look for
specific abnormalities. As empirically shown in
Table 4, the proposed contextualized disease rep-
resentations bring a significant performance boost
in the medical report generation task. Meanwhile,
our current embedding is basically a plain mingling
of heterogeneous sources of information such as
disease type (i.e., disease name) and disease state
(e.g., positive or negative). As shown by the abla-
tion study in Table 4, this embedding by itself is
insufficient for generating accurate medical reports.
This leads us to conceive a follow-up enriched rep-
resentation below.

3.1.4 Enriched Disease Embedding

The main idea behind enriched disease embedding
is to further encode informative attributes about
disease states, such as positive, negative, uncertain,
or unmentioned. Formally, let k be the number of
states and S € R¥*¢ the state embedding. Then
the confidence of classifying each disease into one
of the £ disease states is

p = Softmax(DfyseqST). ®)

S € R¥*¢ is randomly initialized, then learned via
the classification of Dygysed. Drused acts as features
for the multi-label classification, and the classifica-
tion loss is computed as

n k
Le = —% DD wijlog(pig), (6)

i=1 j=1

where y;; € {0,1} and p;; € (0,1) are the j-
th ground-truth and predicted values for the dis-
ease -th, respectively. The state-aware embedding
Dgiates € R™*€ are then computed as

b _fyS, if training phase
states — pS, otherwise.

(N

y € {0,1}"*k is the one-hot ground-truth la-
bels about the disease-related topics, whereas p €
(0, 1)™** is the predicted values. During training,
the ground-truth disease states facilitate our gener-
ator in describing the diseases & related symptoms
based on accurate information (teacher forcing). At
test time, our generator then furnishes its recount
based on the predicted states.

Finally, the enriched disease embedding
Denriched € R™€ is the composition of state-aware
disease embedding Dyges (i.€., good or bad), dis-
ease names Dygpics (i.€., which disease/topic), and
the disease representations Dyyseq (i.€., severity and
details of the diseases),

Denriched = Dstates =+ Dtopics + Dfused- (8)

Like the disease queries @, Diopics € R™* is ran-
domly initialized, representing diseases or topics to
be generated. It is then learned in training through
the medical report generation pipeline. The en-
riched disease embedding provides explicit and pre-
cise disease descriptions, and endows our follow-
up generation module with a powerful data repre-
sentation.

3.2 The Generation Module

Our report generator is derived from the trans-
former encoder of (Vaswani et al., 2017). The
network is formed by sandwiching & stacking a
masked multi-head self-attention component and
a feed-forward layer being on top of each other
for N times, as illustrated in Fig. 2. The hidden
state for each word position h; € R in the medical
report is then computed based on previous words
and disease embedding, as Denriched = {di}"1.

s dn).

)
This is followed by predicting future words based
on the hidden states H = {h;}\_; € R!*¢, as

h; = Encoder(w;|wy, wa, ..., w;—1,d1, dg, ...

Pword = Softmax(HWT). (10)

Here W € RY*€ is the entire vocabulary embed-
ding, v the vocabulary size, and [ the document
length. Let pyord,;; denote the confidence of select-
ing the j-th word in the vocabulary W for the i-th
position in the generated medical report. The gener-
ator loss is defined as a cross entropy of the ground-
truth words yword and predicted words pyord,

l v
1
Lg= T Z Z Yword,ij 1Og(pword,i]')‘ (1D

i=1 j=1
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Finally, the weighted word embedding W €
R!>€ also known as the generated report, are:

W = pwordW (12)

It is worth noting that this set-up facilitate the back-
propagation of errors from the follow-up interpre-
tation module.

3.3 The Interpretation Module

It is observed from empirical evaluations that the
generated reports are often distorted in the pro-
cess, such that they become inconsistent with the
original output of the classification module — the
enriched disease embedding that encodes the dis-
ease and symptom related topics. Inspired by the
CycleGAN idea of (Zhu et al., 2017), we consider a
fully differentiable network module to estimate the
checklist of disease-related topics based on the gen-
erator’s output, and to compare with the original
output of the classification module. This provides a
meaningful feedback loop to regulate the generated
reports, which is used to fine-tune the generated
report through the word representation outputs w.

Specifically, we build on top of the proposed text
encoder (described in section 3.1.2) a classification
network that classifies disease-related topics, as
follows. First, the text encoder summarizes the
current medical report W, and outputs the report-
summarized embedding of the queried diseases (),

Dyt = Softmax(QHT)H € R™¢.  (13)

Here H is computed from the generated medical
reports W using Eq. (1). Second, each of the report-
summarized embedding d; € Re (i.e., each row of
the matrix Dy € R™ €) s classified into one of the
k disease-related states (i.e., positive or negative),
as

Pint = Softmax (D ST) € R, (14)

Finally, the interpreter is trained to minimize the
subsequent multi-label classification loss,

1 n k
ﬁz:-7{§:§:ywbg@mm)

i=1 j=1

15)

here y;; € {0, 1} is the ground-truth disease label
and ping,i; € (0,1) is the predicted disease label of
the interpreter.

In fine-tuning the generated medical reports W,
all interpreter parameters are frozen, which acts as

a guide to force the word representations W being
close to what the interpreter has learned from the
ground-truth medical reports. If the weighted word
embedding W is different from the learned repre-
sentation — which leads to incorrect classification —
a large loss value will be imposed in the interpreta-
tion module. This thus forces the generator to move
toward producing a correct word representation.
Collectively our model is trained in an end-to-
end manner by jointly minimizing the total loss,

Liotal = Lo+ Lg + L7. (16)

4 Experiments

This section evaluates the medical report genera-
tion task on two fronts: the language performance
and the clinical accuracy performance. Empiri-
cal evaluations are carried out on two widely-used
chest X-ray datasets, MIMIC-CXR (Johnson et al.,
2019) and Open-I (Demner-Fushman et al., 2016).

4.1 Datasets

4.1.1 MIMIC-CXR Dataset

The MIMIC-CXR dataset (Johnson et al., 2019) is
a large-scale dataset with 227,835 medical reports
of 65,379 patients, associated with 377,110 im-
ages from multiple views: anterior-posterior (AP),
posterior-anterior (PA), lateral (LA). Each study
comprises multiple sections, including comparison,
clinical history, indication, reasons for examina-
tion, impressions, and findings. Here we utilize
the multi-view images of AP/PA/LA views, and
adopt as contextual information the concatenation
of the clinical history, reason for examination, and
indication sections. For consistency, we follow the
experimental set-up of (Lovelace and Mortazavi,
2020) to focus on generating text in the “findings”
section as the corresponding medical report.

4.1.2 Open-I Dataset

The Open-I dataset (Demner-Fushman et al., 2016)
collected by the Indiana University hospital net-
work contains 3,955 radiology studies that corre-
spond to 7,470 frontal and lateral chest X-rays.
Some radiology studies are associated with more
than one chest X-ray image. Each study typically
consists of impression, findings, comparison, and
indication sections. Similar to the MIMIC-CXR
dataset, we utilized both the multi-view chest X-ray
images (frontal and lateral) and the indication sec-
tion as our contextual inputs. For generating medi-
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Datasets Methods B-1 B-2 B-3 B-4 MTR RG-L SV MV Al FT

S&T (Vinyals et al., 2015) 0.316 0.211 0.140 0.095 0.159 0.267 X

LRCN (Donahue et al., 2015) 0.369 0.229 0.149 0.099 0.155 0.278 X

SA&T (Xuetal., 2015) 0.399 0.251 0.168 0.118 0.167 0.323 X

Att-RK (You et al., 2016) 0.369 0.226 0.151 0.108 0.171 0.323 X

HRNN (Yin et al., 2019) 0.445 0.292 0.201 0.154 0.175 0.344 X

I-NN (Boag et al., 2020) 0.232 0.116 0.051 0.018 N/A 0.201 X

TieNet (Wang et al., 2018) 0.330 0.194 0.124 0.081 N/A 0.311 X

Liuet. al. (Liu et al., 2019) 0.359 0.237 0.164 0.113 N/A 0.354 X X
Open-I CoAtt (Jing et al., 2018) 0.455 0.288 0.205 0.154 N/A 0.369 X

HRGR-Agent (Li et al., 2018) 0.438 0.298 0.208 0.151 N/A 0.322 X X

KERP (Lietal., 2019) 0.482 0.325 0.226 0.162 N/A 0.339 X X

ReinforcedTransformer (Xiong et al., 2019) 0.350 0.234 0.143 0.096 N/A N/A X X

HRG-Transformer (Srinivasan et al., 2020) 0.464 0.301 0.212 0.158 N/A N/A X

SD&C (Jing et al., 2019) 0.464 0.301 0.210 0.154 N/A 0.362 X X

Ours (SV) 0.463 0.310 0.215 0.151 0.186 0.377 X

Ours (MV) 0.476 0.324 0.228 0.164 0.192 0.379 X

Ours (MV+T) 0.485 0.355 0.273 0.217 0.205 0.422 X X

Ours (MV+T+]) 0.515 0.378 0.293 0.235 0.219 0.436 X X X

I-NN (Boag et al., 2020) 0.367 0.215 0.138 0.095 0.139 0.228 X

SA&T (Xuetal., 2015) 0.370 0.240 0.170 0.128 0.141 0.310 X

AdpAtt (Luetal., 2017) 0.384 0.251 0.178 0.134 0.148 0.314 X

Liuet. al. (Liuetal., 2019) 0.313 0.206 0.146 0.103 N/A 0.306 X X
MIMIC Transformer (Vaswani et al., 2017) 0.409 0.268 0.191 0.144 0.157 0.318 X

GumbelTransformer (Lovelace and Mortazavi, 2020) 0.415 0.272 0.193 0.146 0.159 0.318 X X

Ours (SV) 0.447 0.290 0.200 0.144 0.186 0.317 X

Ours (MV) 0.451 0.292 0.201 0.144 0.185 0.320 X

Ours (MV+T) 0.491 0.357 0.276 0.223 0.213 0.389 X X

Ours (MV+T+]) 0.495 0.360 0.278 0.224 0.222 0.390 X X X

Table 1: Quantitative comparison of our approach and a number of recent works. Since these works are evaluated
under different setups of Single-view (SV), Multi-view (MV), w/ clinical text (T), and interpreter (I), for a fair
comparison, all methods are categorized based on the following four aspects: Single-View (SV), Multi-view (MV),
Additional Information (AI), and Fine-tuning of the generated reports (FT). Best results are highlighted in bold
face. Different language metrics are employed, including BLEU-1 to BLEU-4 (B-1 to B-4), METEOR (MTR),

and ROUGE-L (RG-L).

cal reports, we follow the existing literature (Jing
et al., 2018; Srinivasan et al., 2020) by concatenat-
ing the impression and the findings sections as the
target output.

An important note: the implementation details,
dataset splits, preprocessing steps, generated exam-
ples, and qualitative analysis are described in the
supplementary materials.

4.2 Experimental Results

4.2.1 Language Generation Performance

A comprehensive quantitative comparison of our
approach and many baselines as shown in Table 1
on the two benchmarks using the widely-used
language evaluation metrics: BLEU-1 to BLEU-
4 (Papineni et al., 2002), ROUGE-L (Lin, 2004),
and METEOR (Banerjee and Lavie, 2005) scores.
Since all comparison methods have their own ex-
periment setups, for a fair comparison, we further
categorize these methods into four aspects: single-
view (SV), multi-view (MV), accessing to addi-
tional information (AI) such as clinical document,
and applying fine-tuning (FT) to the generated med-
ical reports. Experiments in Table 1 show that our
models outperform the baselines in most language
metrics.

With a single input X-ray image as the sole input,
ours (SV) outperforms by a noticeable margin the

best SOTA methods of CoAtt on Open-I and Trans-
former on MIMIC, respectively. This we mainly
attribute to the utilization of the enriched disease
embedding that explicitly incorporates the disease-
related topics. With multiple X-ray images as input,
Ours (MV) again outperforms the best comparison
methods of HRG-Transformer on Open-1. With
multiple X-ray images and additional clinical doc-
ument information as input, ours (MV+T) outper-
forms the comparison methods of KERP on Open-1.
Finally, with the complete contextual information
available as input, ours (MV+T+I) outperforms all
the comparison methods available in both Open-I
and MIMIC datasets.

4.2.2 Clinical Accuracy Performance

To evaluate the clinical accuracy of the gener-
ated reports, we use the LSTM CheXpert la-
beler (Lovelace and Mortazavi, 2020) as a univer-
sal measurement. We compare different methods
based on accuracy, F-1, precision (prec.), and recall
(rec.) metrics on 14 common diseases. Since there
are 14 independent diseases, we also report the
macro and micro scores. Intuitively, a high macro
score means the detection of all 14 diseases is im-
proved. Meanwhile, a high micro score implies
the dominant diseases are improved (i.e., some
diseases appear more frequently than others). As
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Macro scores Micro scores
Datasets Methods Acc. AUC F-1 Prec. Rec. AUC F-1 Prec. Rec.
I-NN (Boag et al., 2020) 0911 N/A N/A N/A N/A N/A N/A N/A N/A
S&T (Vinyals et al., 2015) 0.915 N/A N/A N/A N/A N/A N/A N/A N/A
Open-I SA&T (Xuetal., 2015) 0.908 N/A N/A N/A N/A N/A N/A N/A N/A
TieNet (Wang et al., 2018) 0.902 N/A N/A N/A N/A N/A N/A N/A N/A
Liuet. al. (Liuetal., 2019) 0.918 N/A N/A N/A N/A N/A N/A N/A N/A
Ours (SV) 0.944 0.595 0.118 0.125 0.136 0.857 0.657 0.651 0.663
Ours (MV) 0.943 0.626 0.144 0.149 0.150 0.878 0.648 0.647 0.649
Ours (MV+T) 0.947 0.671 0.130 0.192 0.124 0.873 0.659 0.687 0.634
Ours (MV+T+I) 0.937 0.702 0.152 0.142 0.173 0.877 0.626 0.604 0.649
I-NN (Boag et al., 2020) N/A N/A 0.206 0.213 0.200 N/A 0.335 0.346 0.324
SA&T (Xuetal., 2015) N/A N/A 0.101 0.247 0.119 N/A 0.282 0.364 0.230
AdpAtt (Luetal., 2017) N/A N/A 0.163 0.341 0.166 N/A 0.347 0.417 0.298
Liuet. al. (Liuetal., 2019) 0.867 N/A N/A 0.309 0.134 N/A N/A 0.586 0.237
MIMIC Transformer (Vaswani et al., 2017) N/A N/A 0.214 0.327 0.204 N/A 0.398 0.461 0.350
GumbelTransformer (Lovelace and Mortazavi, 2020) N/A N/A 0.228 0.333 0.217 N/A 0.411 0.475 0.361
Ours (SV) 0.877 0.743 0.342 0.357 0.347 0.857 0.530 0.533 0.528
Ours (MV) 0.880 0.752 0.347 0.385 0.347 0.862 0.533 0.545 0.522
Ours (MV+T) 0.890 0.778 0.407 0.448 0.399 0.872 0.578 0.583 0.574
Ours (MV+T+I) 0.887 0.784 0.412 0.432 0.418 0.874 0.576 0.567 0.585

Table 2: Quantitative comparison of clinical accuracy from the generated reports of a number of recent methods,
evaluated on the 14 common CheXpert’s diseases. The best results are highlighted in bold face.

observed in Table 2, our clinical performance in-
creased significantly compared to the baselines in
both macro and micro scores.

Among our ablation models in Table 2, the pre-
cision and accuracy scores of our contextualized
variant (MV+T) tend to be higher, whereas other
scores are lower than the one with the interpreter
(MV+T+I). This opposite behavior is due to the
interpreter, which encourages detecting diseases,
thus increases False Positives (FP). Note in the
medical context, it is usually critically important
to lower the False Negatives (FN) rate, thus a high
recall score with a slight decrease in precision is
more preferred.

4.2.3 Human Evaluation

In addition to the automated evaluations, we ask an
experienced medical doctor to evaluate our gener-
ated medical reports. Specifically, the chest X-ray
images and ground-truth medical reports are given
to the doctor. Then, the doctor evaluates the quality
of the generated reports by assigning a score from
0 (totally disagree) to 10 (totally agree). The final
score for each model is computed by averaging all
scores (97 test samples for each proposed model).

It can be inferred from Table. 3 that the MV+T+I1
gives more accurate medical reports and using the
interpreter to fine-tune the outputs is indeed im-
proving the reports’ quality. Additionally, it is also
clear from the human evaluation that incorporat-
ing clinical history information positively affects
the final performance. Moreover, the human eval-
uation shows that most generated examples are
good (8.031 on average), indicating the proposed
model’s effectiveness in terms of clinical accuracy.

Methods Average Min Max Median Ql Q3
Ours (SV) 7.000 3 10 7 6 8
Ours (MV) 7.237 3 10 7 7 8
Ours (MV+T) 7.794 3 10 8 7 9
Ours (MV+T+I) 8.031 3 10 8 7 9

Table 3: The human evaluation scores for the generated
reports from an experienced medical doctor. For each
model, we take the average, min, max, median, first,
and the third quartile of all ratings given by the doctor.
The score is in the range of O (totally disagree) to 10
(totally agree).

Methods B-1 B2 B3 B4  MIR _ RGL
RWio Dyates 0400 0253 0.75 0127 0.166 0362
R /0 Dygpics 0453 0300 0206 0142  0.183  0.366
R w/o Diyeeq 0468 0310 0215 0151 0189 0373
Rwith Depriched | 0463 0310 0215 0.151 0186 0377
R + Interpreter 0470 0314 0220 0158 0192 0375
C wio Dygates 0404 0286 0215 0169 0.183 _ 039
C w/o Digpics 0474 0329 0244 0187 0194  0.401
C wlo Diyseq 0470 0337 0257 0204 0212 0408
Cwith Depriched | 0485 0355 0273 0217 0205 0422
C + Interpreter 0515 0378 0293 0235 0219 0436

Table 4: The table compares a regular image-to-text
version (R) and a contextualized version (C) of our pro-
posed method that utilizes clinical history on the Open-
I dataset. For each version, we evaluate the importance
of each component Dgages, Diopicss and Dyyseq in the pro-
posed enriched disease embedding Depyiched Y remov-
ing one component at a time.

4.3 Ablation studies
4.3.1 Enriched disease embedding

We observe that the latent features Dyyqeq €Xtracted
from the classifier are insufficient to generate ro-
bust medical reports, as shown in Table 4. Based
on our human languages, a meaningful story needs
three factors: the topic (i.e., what disease), the tone
(i.e., is it negative or positive), and the details (i.e.,
the severity). However, there is no guarantee that
the learned latent features Dyygeq has all three re-
quired elements. On the other hand, with the the

3559



explicit representations (i.e., Dfyseds Diopics, and
Dytates), all three factors are preserved. Therefore,
the enriched disease embedding Depriched Can gen-
erate precise and complete medical reports, leading
to the language metrics’ substantial improvement.

4.3.2 Contextualized embedding

Table 4 also shows that our proposed ‘“contextu-
alized” version can improve the language scores
over the “regular” version, which reads only im-
ages. Notably, the contextualized version is the
entanglement of the chest X-ray images and the
clinical history, which is crucial to improve the
generated report’s quality and accommodate doc-
tors’ practical needs. It mimics how radiologists
receive requests from medical doctors and write
reports to answer their questions. Hence, the gener-
ated reports are believed to be more “on point” and
receives higher language scores than the regular
“image-to-text” setting.

5 Limitations and Future Work

Our work has several limitations that future works
can take into consideration for further improve-
ment. Firstly, our model does not explicitly con-
sider disease orientation or direction (e.g., left
or right, top or bottom). For example, future
works can include visual-semantic embedding (di-
rection/orientation/location) to learn and localize
diseases during generating medical reports. Sec-
ondly, our work does not support time-series re-
lationships between different studies of a patient.
This information is vital to analyze existing dis-
eases by comparing their size or structure to deter-
mine if a disease is getting worse or not. If these
limitations can be addressed, the medical report
system can be much more reliable for real-world
applications.

Noticeably, we observe some hallucination facts
(False Positives) where some diseases are mistak-
enly described as positive in the medical reports.
For example, some images with “pneumonia” are
wrongly described as “pulmonary edema”. In fact,
human radiologists often mistakenly classify some
diseases (Satia et al., 2013). For example, (Sa-
tia et al., 2013) shows that human radiologists or
physicians can accurately detect normal lung X-ray
images almost all of the time; but, for abnormal
lung X-ray images, the correctness of diagnosis
drops to only 50% (Satia et al., 2013). For this rea-
son, it is challenging to generate accurate medical
reports even for experienced radiologists.

In the future, we will expand our work to re-
lated medical applications such as retinal and brain
medical report generation on X-ray/MRI/CT scans.
We believe that our model can be generalized to a
wide range of medical report generation problems
where common symptoms or disease labels and
medical reports are available in most medical scan
datasets. Moreover, extending the current work to
incorporate tabular data inputs could be another ex-
citing direction because some clinical information
is in the form of tabular structure such as patient’s
age, heart pressure, or temperature (Cohen et al.,
2020). In some cases, physicians must include this
information in medical reports, which cannot be
inferred from only reading medical scans.

6 Conclusion

This paper introduces a novel three-module ap-
proach for generating medical reports from X-
ray scans. Superior performance of our approach
over state-of-the-art methods has been empirically
demonstrated on widely-used benchmarks with a
range of evaluation metrics. Our approach is also
flexible and can work with additional input infor-
mation, where consistent performance gains are
observed. For future work, we plan to apply our
approach to related medical report generation tasks
that go beyond X-rays.
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