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Abstract — Immunofixation Electrophoresis (IFE) analysis is of great importance to the diagnosis of Multiple
Myeloma, which is among the top-9 cancer killers in the
United States, but has rarely been studied in the context of
deep learning. Two possible reasons are: 1) the recognition
of IFE patterns is dependent on the co-location of bands
that forms a binary relation, different from the unary relation
(visual features to label) that deep learning is good at
modeling; 2) deep classification models may perform with
high accuracy for IFE recognition but is not able to provide
firm evidence (where the co-location patterns are) for its predictions, rendering difficulty for technicians to validate the
results. We propose to address these issues with collocative learning, in which a collocative tensor has been constructed to transform the binary relations into unary relations that are compatible with conventional deep networks,
and a location-label-free method that utilizes the Grad-CAM
saliency map for evidence backtracking has been proposed
for accurate localization. In addition, we have proposed
Coached Attention Gates that can regulate the inference of
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the learning to be more consistent with human logic and
thus support the evidence backtracking. The experimental
results show that the proposed method has obtained a
performance gain over its base model ResNet18 by 741.30%
in IoU and also outperformed popular deep networks of
DenseNet, CBAM, and Inception-v3.

Index Terms — Immunofixation Electrophoresis; deep
collocative learning; coached attention gates.

I. I NTRODUCTION

M

ULTIPLE Myeloma is a malignant disease with 5-year
survival rate as low as 53.2% [1] and it is among the
top-9 cancer killers (and top-2 among all neoplastic diseases
of the blood) in the United States [2], [3]. Immunofixation
Electrophoresis (IFE), as one of the mandatory tests for
multiple myeloma suspects, is of great importance to clinic
diagnosis. IFE is a procedure to identify monoclonal proteins
(M-proteins, makers for multiple myeloma) from human serum
(or urine), where as shown in Fig. 1, the serum proteins
are separated into lanes by electrophoresis and treated with
specific antiserum against IgG, IgA, IgM, kappa, and lambda.
A precipitin (dark or dense) band will form if a M-protein
presents. By observing the co-location (horizontal alignment)
of bands between heavy chain lanes (G, A, and M) and light
chain lanes (κ and λ),1 the M-protein can be identified (see
examples in Fig. 1).
While the general rule of IFE interpretation by observing
co-location is easy to grasp for beginners, the learning curve
of IFE interpretation, however, is a typical diminishing-returns
curve where the rate of progression increases rapidly at the
beginning and decreases over time. Expertise can only be
built through a significant amount of case studies because the
appearance of bands (even for the same protein present) can
vary significantly depending on test conditions (see examples
in Fig. 1). Nevertheless, results can be subject to misinterpretation if analysed by junior technicians.
Image recognition with machine learning has been considered as a solution to handle the variety of large-scale samples
and provide objective and quality results. In contrast to its
successful applications to a wide range of medicinal images
1 SP lane is a mixed result of multiple proteins and thus with more complex
pattern than other lanes. A technician mainly refer to the other 5 lanes and
uses SP as a reference. Therefore, for simplicity, the discussion in this study
is given on the other 5 lanes without mentioning SP (unless necessary).
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Fig. 1. IFE examples. The first row: samples are with easy-to-recognize
co-location patterns; the second and third rows: samples are with the
same proteins but are of large variety. Target bands are bands that from
the co-location patterns with which the technician identify the types of
the proteins. An attention region is defined as the consecutive rows
which includes the co-location of target bands, with which the technician
verifies if the target bands are prominent enough compared to the other
empty or non-target bands within the region.

such as MRI [4], CT [5], and ultrasound images [6], its application to IFE has rarely been found in literature. To construct
an IFE solution, we can model it as a classification problem
in which we can use the protein presence as class labels
and popular models like VGG [7] or ResNet [8] as learners.
However, as these models do not learn the locations of patterns
explicitly, the models cannot tell which patterns the results are
referring to. This is critical in clinic diagnosis scenario where
a technician has to verify the exact co-location of bands that
the final label is referring to, or a trainee needs to know the
mapping between patterns and results from which she can
gain knowledge and insights. A commonly adopted way to
model the location explicitly is to consider it as an object
detection problem to which models like Faster-RCNN [9],
Mask-RCNN [10], Yolo [11], or UNet [12] can be applied.
Unfortunately, these models require the location labels which
are missing from or costly to obtain in history IFE datasets.
Nonetheless, an IFE “location” reference is indeed a binary
relation (i.e., co-location of bands) instead of a unary relation
(i.e., the location of an object) that is usually modeled in
conventional models.
In this paper, we address the aforementioned issues by
proposing a location-label-free framework for IFE recognition
which outperforms the state-of-the-art models while being able
to provide location references for the results. To the best of
our knowledge, this is the first study of computer-assisted
automatic IFE analysis. The rationale behind and advantages
of the proposed are as follows.
•

Relation Transformation: As show in Fig. 2, instead
of using the entire image as the input, we feed the
deep networks a collocative tensor that encapsulates the
co-locations of strips (subdivisions of IFE lanes, see
Fig. 3 for details). This transforms the binary relation

into unary relation, which makes the input compatible to
conventional networks in the way that the elements of the
tensor are analog to the image pixels.
Guided Inference: We propose Coached Attention Gates
(CAGs) to guide the learning to concentrate more on the
direct evidence (i.e., consistency of target bands) rather
than the indirect evidence (i.e., inconsistency between
target bands and non-target-bands (and empty spaces)).
CAG is a formulated way of prior knowledge injection
which makes the inference more consistent with the logic
of human technicians.
Evidence Backtracking: We propose a Grad-CAM-based
evidence backtracking method which back-propagates
the CAGs-filtered gradients to the collocative tensor to
search for the evidence of the results, and thus localizes
the co-locations of the target bands for intuitive result
verification. Meanwhile, it eliminates the requirements for
location labels in conventional object detection tasks.
II. R ELATED W ORK

Even though medical image analysis has been a popular
topic for decades, the recent advances of deep learning further
bring it to a new stage of prosperousness [13]. Most of the
existing methods, therefore, are based on deep convolutional
neural networks (CNNs) [7]–[12], [14]. Among numerous
methods having been proposed, we will focus on the classification models [15]–[20] and detection/segmentation2 models [21]–[30] that are related to this paper. The reader can refer
to [13], [31] for a more comprehensive survey.

A. Classification Models
Classification models are built for identifying the types of
samples or lesions so as to provide references for disease
diagnosis. A commonly adopted way is to conduct transfer learning that starts with a well-recognized CNN model
developed in computer vision (e.g., VGG [7], ResNet [8],
Inception-v3 [14]) and trained on public datasets such as
ImageNet [32], CoCo [33], and CIFAR-10 [34]. The model
will then be fine-tuned on the target medical image dataset.
Works following this paradigm include these using VGG for
retina (FUNDUS) [15] or spine (MRI) [16] images, RestNet
for skin [17] or heart [18] images, and Inception-v3 for
retina [19] and skin [20] images.
While these classification models are related to IFE recognition in the way that both are modeling the mapping from a
medical image to labels, the evidence for inference, however,
is different. In classification models, the evidence usually
includes visual features (e.g., colors, textures, shapes) of a
target. By contrast, in IFE recognition, visual features (the
darkness or density) of a target (band) are not the first priority
for inference unless it horizontally collocates with another
band of similar visual features. For the same reason, the way
for a human technician to identify an IFE type is to locate
2 Detection and segmentation models are two different kinds of models in
literature. We put them together for easier description because in this paper we
focus on object localization which they share in common. Their differences
are beyond the topic of this paper.
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Fig. 2. Collocative learning framework.

Yolo [11], and UNet [12]. These models have also been
widely adopted such as Faster-RCNN for intervertebral disc
detection [21] and lung nodules detection [22], Mask-RCNN
in lung segmentation [23] and follicle segmentation [24], Yolo
for detecting of breast masses [25] and lung nodules [26], and
UNet for detections in kidney, chest, liver, abdomen, brain
images [12], [27]–[30].
While promising results have been obtained, it is not
feasible to apply these models to IFE because they model
a single-object-location relation, which is different from the
co-location (of objects) relation in IFE. Nonetheless, they all
require location labels (e.g., rectangles or masks of the target
objects/regions) which are not easy to obtain in IFE images.
To bypass the requirement for location labels, we have adopted
Grad-CAM [35] and attention techniques [36]–[38] for IFE in
this paper.

Fig. 3. Relation transformation: (a) Lane segmentation, (b) Strip division
and collocative tensor construction.

a band in one lane first and then search over the other lanes
to see if there is another similar band appearing at the similar
horizontal position. In other words, the pattern forming in IFE
is based on the inter-target relation, which is not well modeled
by these CNN-based classification models. We will use the
collocative tensor to address this issue. More details will be
given in Section III.

B. Detection/Segmentation Models
In IFE recognition, if we need to know which co-location
pattern has led to the result, we may have to use detection/segmentation models. These models are built for identifying objects and their locations in the images. Intensive
studies have been conducted for general images, resulting in
promising models like Faster-RCNN [9], Mask-RCNN [10],

C. Grad-CAM and Attentions
Grad-CAM [35] and its alternatives Grad-CAM++ [39] and
CAM [40] are techniques to generate “visual explanation” for
the resulting label of a CNN-based model. It back-propagates,
summarizes, and visualizes the gradients to a certain layer
of the network for easier observation that which part of
the layer has been activated during feed-forward inference.
This often leads to a heatmap aligned with the target region
(e.g., a dog or a cat) which can therefore also be treated as a
rough location of the target. However, the broadly spreading
heatmap is far beyond an accurate location required by IFE
analysis. We will use the collocative tensor and attention
mechanism to create constraints for forward propagation so as
to guide the inference to be conducted in a more concentrated
way and thus generate a more accurately distributed heatmap
for localization.
In this context, this paper is also related to attention mechanisms [36]–[38] which are usually employed to encourage the
CNN models to focus on certain channels or spatial regions.
Representative works include SENet [36], CBAM [37], and
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Non-local Net [38]. These attention mechanisms are adopted
mainly for improving the performance of the models in terms
of classification/detection accuracy. By contrast, the coached
attention gate proposed in this paper is an attention method
for inference regulation rather than accuracy enhancement.
III. D EEP C OLLOCATIVE L EARNING FOR IFE
In this section, we describe our methodology for constructing an end-to-end deep learning framework for IFE
analysis. The framework is called Deep collocative learning
which answers three questions: 1) How do we construct a
collocative tensor to make the input compatible with deep
classification models? 2) How do we guide the inference to
make it consistent with the human logic? and 3) How do we
backtrack the co-location pattern that leads to the final result?

A. Collocative Tensor for Relation Transformation
The strength of deep classification models is to learn unary
relations that map a pattern (a group of visual features) to
a target label. In IFE analysis, however, human technicians
have to learn binary relations that map the co-location of
two patterns (visual features of two bands) to a protein label.
We propose to construct a collocative tensor for transforming
the binary relations into unary ones.
1) Slicing IFE Into Lanes and Strips: To construct the tensor,
we have to slice an IFE into lanes (Fig. 3a) and then cut each
lane into strips (Fig. 3b). It is easy to separate lanes if they
are at fixed positions and with fixed widths. Data acquired
from real applications with different devices, however, is not
the case. We can transform it into a dynamic programming
problem to deal with this issue. Let us build a template series
W = {wi } with its length equal to the average width of all IFE,
and with 6 plateaus and 7 valleys representing the positions of
lanes and spaces, and project an IFE vertically to form another
series Q = {qi }. We can then find the positions of lanes as
long as we find the best match between these two series of W
and Q. This is a typical dynamic programming problem which
can be solved by Dynamic Time Warping algorithm [41], [42].
After the best match has been found, we cut the IFE at the
centers of valleys to separate lanes and slice each lane into n
strips with equal height. In a similar way, we can separate the
lanes from the heading characters.
2) Tensor Construction: With the strips, a collocative tensor
T can be composed with inter-strip correlations. As an IFE
co-location is defined as the horizontal alignment of two bands
from a heavy chain and a light chain respectively, let us
organize lanes into pairs of heavy chains {G, A, M} and light
chains {κ, λ} which results in a set
P = {(G, κ), (G, λ), (M, κ), (M, λ), (A, κ),
(A, λ), (G, A), (G, M), (A, M), (κ, λ)}

(1)

consisting of all the possible pairs from which a technician
searches for the collocation of bands. The (i, j, p)t h element
of the tensor, which models the correlation of the i t h and the
j t h strips from the pt h lane pair, can thus be written as
T (i, j, p) =  p (si , s j ) ·  p (si , s j ) · π p (si , s j )

(2)

which is a joint consideration of the similarity  p (si , s j )
between, average density (darkness)  p (si , s j ) of, and
co-location π p (si , s j ) of two strips. The  p (si , s j ) can be
easily implemented by adopting from popular metrics of visual
features such as the cosine similarity or Euclidian distance,
while so as for the  p (si , s j ) which can be simply the average
gray level of the bands. The π p (si , s j ) is an indication of how
close two strips co-located vertically as
⎛
 (3·1)|i− j | 2 ⎞
1
1
n−1
⎠
π k (si , s j ) = √
exp ⎝−
2
1
2π · 1



1
9 |i − j | 2
,
(3)
= √ exp −
2 n−1
2π
which is indeed a Gaussian normalized vertical distance of
the two target strips. The normalization process is equal to
applying the weights in the range of [0, 3] times of its standard
deviation of a Gaussian (X ∼ N(0, 1)) as a mask on the strip
j|
distance |i−
n−1 . The number 3 (i.e., three times of the standard
deviation) is both a commonly adopted setting and an optimal
number in our empirical study. The normalization process is
also a regulator to have the resulting tensor in favor of strips
that are vertically close to each other, because they are high
potentials to form co-location bands.
After the relation transformation, the collocative tensor T
is then compatible with any of the CNN-based classification models, in the way that T is a tensor of dimensions
n × n × P where the first two dimensions (n × n) are
imitating the spatial layout of an image and the last one
P imitating the channels. By using the protein labels (given
by technicians) in the history data, we can easily conduct a
classification learning with sophisticated models like VGG,
ResNet, or Inception.

B. Guided Inference With Coached Attention Gates
1) Deep Classification Vs. Location Inference: Deep classification models are often employed as black boxes, because their
implicit way for inference is not necessarily consistent with
the human logic. Taking Fig. 3 as an example, to identify a
co-location pattern in IFE, a human technician is looking for
evidence mainly from the attention region (e.g., the dashed
green box in Fig. 3b) where the strips from two different lanes
that are with similar densities and distributed vertically close
to each other (e.g., the s and m in the target lanes G and κ
respectively). A technician may also compare these strips with
the adjacent ones (e.g., the a, b and c) to verify if they (the
s and m) are salient enough to form a target band and also
recognize the height of the band.
While the logic is intuitive, it is not the only option. For
example, instead of verifying a co-location directly by comparing strips in the attention region, a co-location can be identified
indirectly if the strips in the non-attention region (e.g., d) are
not forming a co-location pattern (with significant dissimilarities) with strips in the attention region (e.g., s and m).
In deep networks, this type of evidence will be brought into
the model, because the dissimilarities between the strips from
the attention and the non-attention regions will form prominent
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Fig. 4. Saliency maps for evidence visualization generated by mixed
inference in conventional CNNs (the first row) and guided inference
in collocative learning (the second and third rows) respectively, where
the samples in the second row are generated using the saliency vector
(Eqn. (11)) and samples in the third row are generated by exact attention
region localization (Eqn. (12)).

“edges” in the collocative tensor which can easily be identified
through convolution. Similarly, the formation of a band can
also be observed in an indirect way through the comparison
with non-adjacent strips in the non-attention regions. The
pooling process can bring such information into the model.
While the mixed inference with both direct and indirect
evidence in conventional CNNs has long been considered as
an advantage for a more flexible and comprehensive reasoning,
it makes the resulting models less intuitive. An illustration
to demonstrate this issue can be found in Fig. 4, where we
compare the Grad-CAM visualization results (saliency maps)
of models trained with conventional CNNs and the guided
inference respectively. We can see that in conventional deep
networks, the evidence used for inference are not necessarily
focusing on the attention regions (on which human technician
put their focus).
2) Coached Attention Gates: To make the inference more
consistent with the human logic, we propose to “guide” the
inference with Coached Attention Gates (CAGs). The motivation is to force the deep models put more attention on the
IFE regions that are with high potential to be an attention
region. This can be easily implemented with the collocative
tensor, because the strips from potential attention regions are
vertically adjacent to each other and should thus locate in
the diagonal neighborhood of the “spatial” dimensions of the
tensor. Therefore, we can set attention masks, which focus on
the diagonal neighborhood, on the spatial dimensions of the
feature maps generated during the feed-forward propagation
to force the inference to concentrate on the direct evidence
more than the indirect ones.
Beyond the intuition that these masks can be simply generated by a Gaussian along the diagonal, there are a set of
parameters needed to be tuned before it becomes a practical
mechanism. It includes parameters that define the shape of the
Gaussian, to which layers the attention masks to be applied,

IEEE TRANSACTIONS ON MEDICAL IMAGING, VOL. 40, NO. 7, JULY 2021

Fig. 5. Coached Attention Gates (CAGs) is a sub-network (blue lines in
the figure), where an attention gate Ω will be generated and integrated
over the last feature map F of each convolutional block/layer. The μ and σ
associated with each gate generator are the mean and standard deviation
of a Gaussian distribution X ∼ N(μ, σ) which will be used to generate the
mask Ω that puts its attention on the diagonal neighborhood.

and the degree that the masks affect the feature maps. Instead
of searching optimal parameters through tedious empirical
studies, we can leverage the power of neural networks to
figure them out automatically.
As shown in Fig. 5, the Coached Attention Gates (CAGs)
is a network consisting of 3 layers with: 1) the first layer
composed with a single node of a fixed value 1, 2) the second
layer composed with 2 × L (L is the number of blocks/layers
that need attention guidance) nodes which are fully connected
to the nodes in the first layer with weights μ and σ , and 3)
the third layer composed with L attention masks (matrices) in
which each of them is with m ×m nodes. We organize every 2
nodes in the second layer and a mask from the third layer as a
gate generator in which the nodes from second and third layers
are fully connected. There is no connection across generators.
This results in L gate generators with each of them assigned
to a block/layer for generating an attention gate mask  over
the feature map F (with shape m × m × Z ) of the block/layer.
The rationale behind the CAGs is that the μ and σ associated with each gate generator is representing the mean and
standard deviation of a Gaussian distribution X ∼ N(μ, σ )
which we will use to generate the mask  that puts its attention
on the diagonal neighborhood. By applying this mask to the
spatial dimensions of the feature map F , we can guide the
feed-forward inference focuses more on the attention regions
of the IFE. This can be denoted as
Fk∗ = Fk



Fk

(4)

where
and
are element-wise multiplication and addition
respectively, and 0 ≤ k ≤ Z is an iterator for traversing
channels of F and the resulting feature map F ∗ . During the
back-propagation, the μ and σ will updated automatically so
that the shape of the Gaussian and  will be updated. This
generates different masks at different blocks/layers and also
controls the degree of attention at each block/layer adaptively.
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To this end, instead of using weighted sum and activation
functions, the feed-forward function between the second and
third layers is defined as

(X i j − μ)2
1
,
exp −
i j = √
2σ 2
2πσ
3σ0 |i − j |
X i j = μ0 +
,
(5)
m −1
where μ0 and σ0 are initial values for μ and σ respectively,
which defines a Gaussian distribution X ∼ N(μ0 , σ0 ) for
initializing the mask. Meanwhile, we have to modify the backpropagation functions from the third to the second layer as
well. According to the chain rule, the gradients at the (i, j )t h
node of  regarding current prediction Y c (for class c) can be
defined as
 ∂Y c ∂i j
∂Y c
=
∂μ
∂i j ∂μ
i, j



(X i j −μ)2
1
 ∂Y c ∂ √2πσ exp − 2σ 2
=
∂i j
∂μ
i, j




 ∂Y c
1
(X i j −μ)2
2(X i j −μ)
− 2σ 2
√
exp − 2σ 2
=
∂i j
2πσ
i, j

 ∂Y c
(X i j − μ)2
1
(X i j − μ) exp −
= √
∂i j
2σ 2
2πσ 3
i, j

1  ∂Y c
= 2
(X i j − μ)i j ,
σ
∂i j

(6)

 ∂Y c ∂i j
∂Y c
=
∂σ
∂i j ∂σ
i, j



(X i j −μ)2
1
 ∂Y c ∂ √2πσ exp − 2σ 2
=
∂i j
∂σ
i, j


 ∂Y c
(X i j − μ)2
1
=
exp −
−√
∂i j
2σ 2
2πσ 2
i, j



(X i j − μ)2
2(X i j − μ)2
1
+√
exp −
−
2σ 2
2σ 3
2πσ




c
 ∂Y
1
(X i j −μ)2
(X i j −μ)2
= √
−
1
exp
−
σ2
2σ 2
2πσ 2 i, j ∂i j

1  ∂Y c (X i j − μ)2
=
− 1 i j
(7)
σ
∂i j
σ2
i, j

where ∂i j and
back-propagation.

∂Y c
∂i j

W H
1   ∂Y c
∗
WH
∂Fk(i,
j)

wkc =

i

can be learned from the standard

C. Location Evidence Backtracking
To backtrack the co-location evidence, we need to generate
a saliency map for the spatial dimensions of the collocative
tensor first, and then “decode” this map to the original IFE
image for a human understandable visualization of the location
evidence.

(8)

j

where the (i, j ) are the iterators for spatial locations and
∂Y c
is the gradient at the (i, j )t h element of channel k.
∗
∂ Fk(i,
j)
The saliency map can then be calculated in a location-wise
way as
∗

SiFj =

Z


∗
wkc · Fk(i,
j ).

(9)

k

In most of the papers that the Grad-CAM has been
employed, the saliency map is generated only for the last
layer/block of the network. In this paper, we generate the
saliency maps for all layers/blocks and summarize them into a
single map. Assume we have L layers/blocks, we implement
this with an average pooling as
S=

i, j

∂Y c

1) Saliency Map Generation: We adopt the Grad-CAM [35]
∗
which is able to generate a saliency map S F for any given
feature map F ∗ (with shape W × H × Z ) regarding current
prediction Y c (for class c). The process is indeed a weighted
average of gradient maps over channels of F ∗ in which the
original definition (in [35]) of the weight for a channel k can
be elaborated as

1
L

L

∗

F
S{l}

(10)

l=1

where the subscript l is the layer/block number.
Finally, the saliency map for the spatial dimensions of
collocative tensor T can be obtained by resizing S to the
desired size. Let us denote it as S T hereafter.
2) Decoding S T for Location Evidence: The salient values in
T
S are indeed for the location pairs. More specifically, a value
SiTj indicates the degree that the cross-reference of the i t h and
the j t h rows of the original IFE image has contributed to the
prediction Y c . Note that we have used the term rows to refer to
IFE stripes at the same vertical location across lanes (i.e., the
i t h row is a combination of the i t h strips from all lanes) instead
of using more finely defined strips. This is due to the fact that
CNN learning preserve (even roughly) the spatial dimensions
while fusing the channels, a nature inherited from colored
image processing. In IFE, the channel imitations are the lane
pairs with which, as we have discussed in Section III-A.2, it is
reasonable to fuse. Furthermore, checking a row instead of the
target stripes alone is consistent with human logic of checking
a co-location from all adjacent strips in the attention region.
Therefore, a saliency value is a fused contribution indicator of
the strips over the related rows.
Intuitively, the more frequent a row has been referred to,
the more contributions it has to the prediction. We can turn
this intuition into a voting scheme in which we give each
saliency value to the two rows related and accumulate values
for each row as its final score. The location evidence of an
IFE image can thus be generated by visualizing these scores.
This process can be simply implemented by the multiplying
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TABLE I
L ABEL D ISTRIBUTION OF IFE D ATASET. T HE L ABEL N ON -M I S G IVEN
W HEN N ONE OF THE M-P ROTEINS P RESENTS IN THE S AMPLE

the S T by a columna vector of ones as


T
1
S T 1 + S T 1
s =

1

(11)

[·]T

where
is the matrix transpose operator and s is the final
saliency vector which can be assigned to corresponding rows
in the IFE for location evidence visualization (see examples
in Fig. 4).
3) Using the Saliency Vector for Attention Region Localization:

The final saliency vector s is indicative rather than determinative for the localization of attention area. To find the
exact location, we treat s as 1-D signal and transform the
problem into finding the best sliding window position where
the summation of energy of the s segmentation under the
window reaches the maximum. This can be implemented as a
1-D convolution process
|s∗ |

i ∗ = argmax s∗i ,
i=1

s∗ = s ⊗ w


(12)

where the ⊗ is a standard convolution operator, w
 is a ones
vector with its length equaling to the expected height of the
attention region, and the i ∗ is indeed the position of the center
of the optimal window with which we can use as the location
of the attention region. The results are shown in Fig. 4.
IV. E XPERIMENTS

A. Setup
1) Dataset: To evaluate the performance, an IFE dataset
has been constructed consisting of 4352 IFE images with
their protein presence as class labels. The dataset construction
has been conducted by the West China Hospital of Sichuan
University within the period of October 20t h , 2015 though
May 11t h , 2018.3 There are 9 labels of IgG-κ, IgG-λ, IgA-κ,
IgA-λ, IgM-κ, IgM-λ, κ, λ, and Non-M (i.e., none of the
M-proteins presents in the sample) used for labeling. Every
image is labeled by 3 ∼ 5 technicians. A label will be
assigned only if it has reached an agreement with more than
3 technicians. All images are normalized to fit a 200 by
200 pixel box while preserving their aspect ratios.
To complete the IFE segmentation as introduced in
Section III-A.1, we have adopted the DTW implementation from https://github.com/pierre-rouanet/dtw. Besides, all
the source code for collocative learning is available at
https://github.com/lookwei/collocative-learning-4-IFE.
3 Samples are in fact collected through the Integrated Care Organization

(WCO) which consists of 686 hospitals across West China. West China
Hospital is leading the WCO and is in charge of the data aggregation. The
dataset is the largest one in literature and the source is heterogeneous which
represents a wide diversity of patients, samples, and devices.

Fig. 6. Performance of the correlation metrics over the n (the number of
strips per lane).

2) Evaluation: For evaluation of the performance, we use
10-fold cross validation where in each round, the dataset will
be randomly divided into a training and a testing set consisting
of 90% and 10% images of the whole dataset, respectively.
We have employed the standard F1-score to evaluate the classification of protein presence (labels). To evaluate the performance of evidence backtracking (attention region localization),
we use the commonly adopted Intersection over Union (IoU)
which measures the ratio of intersection area over the union
area of the two regions (i.e., the ground-truth attention region
and the detected region). To address the lack of ground-truth
for attention regions, we have labeled 10% of the dataset so
that the evaluation can be conducted. Nonetheless, since there
is no exact localization in convectional classification models,
we use the method [39] in which a threshold is used to convert
a saliency map (generated with Grad-CAM methods) into
an attention region (mask) by keeping only the pixels with
saliency values larger than the threshold. For the proposed
method, we can detect the exact attention region for every
IFE with the approached introduced in Section III-C.3.
In addition, we have also employed the precision and recall
of a ground-truth attention region and a detected region to
evaluate the localization performance. We will denote them as
Precision R and Recall R in the experiments.

B. Selection of Base Model
Even the base model selection is not critical in the proposed framework in the way that it is open and compatible
with any CNN-based models, we still need a base model
to conduct experiments for the investigation over the other
parameters. Table II shows the results of a comparison
among popular networks such as ResNet18 [8], ResNet50 [8],
VGG16 [7], VGG19 [7], Inception-v3 [14]. It is easy to see
that ResNet18 has demonstrated a comparable performance
over the others (even slightly better than VGG models) while
having gained the best efficiency (43.20% ∼ 86.98% faster
than others). Therefore, we will use ResNet18 as the base
model in the following experiments for faster iterations.

C. Collocative Tensor Construction
To construct a collocative tensor, there are two parameters
to optimize, namely the number of strips per lane n and the
correlation metric to use. For the number of strips per lane n,
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TABLE II
P ERFORMANCE C OMPARISON OF B ASE M ODELS . T HE B EST AND S ECOND B EST P ERFORMANCE A RE IN B OLD AND I TALIC R ESPECTIVELY

TABLE III
C OMPARISON OF P ERFORMANCES W ITH D IFFERENT C OACHING
S TRATEGIES . T HE B EST P ERFORMANCE A RE IN B OLD. N OTE
W E C ALL THE P ERFORMANCE OF “9p (.) O NLY ” AND “9p (.) +
CAG S ” S TRATEGIES OF “W ITHOUT CAG S ” AND
“W ITH CAG S ” I F THE 9p (.) I S U SED BY
D EFAULT FOR P REPROCESSING

we have investigated options from 10 to 100 with a stepsize 10, while for the correlation metric, we have studied
performance of cosine similarity (COS) and Euclidian distance
(EUC). The results are shown in Fig. 6.
It is easy to see that the n = 100 with EU C is an optimal
setting with which the collocative learning has obtained a
slight F1-score gain over the base model ResNet18. Most
importantly, the learning has demonstrated a significant superiority by improving the evidence backtracking (indicated
through IoU) by 713.59%. We will use n = 100 and EU C as
a default setting hereafter unless otherwise indicated.

D. Coached Attention Gates (CAGs)
As discussed in Section III-B.2, we have introduced CAGs
to guide the inference. In addition, the function  p (.) in
Eqn. (3) is indeed a regulator to force the input (i.e., the collocative tensor) of the networks to assign higher weights
for potential co-location patterns. It can be considered as a
pre-processing coaching strategy, which works with CAGs
jointly for guiding the inference. In this section, we conduct
experiments to investigate how the CAGs and  p (.) work
together and separately. The results are shown in Table III.
1) Preprocessing Vs. Online Inference Coaching: Comparing
between the preprocessing coaching strategy using  p (.) and
the online strategy using CAGs, when they are used alone,
both of them have obtained improvement over the no-coaching
baseline in terms of F1-score, a sign that both strategies are
of help to the recognition. On the other hand, in terms of
IoU, the preprocessing strategy has demonstrated much better
performance over CAGs. This is not surprising, because with
the regulator  p (.), the indirect evidence can be filtered out
straightforwardly prior to the actual feed-forward inference.
By contrast, without the regulator, the CAGs are leaving with
a lot of distractions from the indirect evidence when it works
alone, and thus it has developed inference skills less intuitive to
human logic even it has gained the best F1-score performance

among all strategies. However, it is easy to see that, when
the two strategies are used at the same time, much better
results have been obtained than they are used alone. This
is an indication that the preprocessing and online coaching
strategies can play complementary roles for the inference.
Since the regulator  p (.) is straightforward, let us consider
it as a default preprocessing for the collocative learning,
so we can investigate how CAGs can help the actual inference
by comparing between the performances without (i.e.,  p (.)
Only) and with the CAGs (i.e.,  p (.)+CAGs). For simplicity,
we will hereafter call these two performances as “Without
CAGs” and “With CAGs”.
2) Case Study: The performance gain indicates that the
CAGs have successfully guided the learning to focus on the
attention regions and avoid distractions. This can be observed
more intuitively from the first 4 columns of Fig. 7, where
the saliency maps with CAGs are more densely distributed
on the attention regions than those without CAGs. Another
typical observation is that CAGs, as a formulated constraint
to confine the inference process to search for evidence mainly
from the diagonal neighbourhood of the collocative tensor, has
increased the determinacy of the evidence backtracking. As a
result, the multiple attention regions appeared in the saliency
maps of some examples without CAGs have been reduced to
a single or one dominating attention region (see the 1st , 2nd ,
and the 4t h columns of Fig. 7). This has also been reflected in
Table III where standard deviations of the performance have
decreased when CAGs have been used.
While promising results have been observed, CAGs do not
work for all cases. Taking the 5t h and 6t h columns of Fig. 7 as
an example, we have obtained minor performance gain using
CAGs. Most of such samples are “easy” IFE cases in which the
target bands are distinct with darker density and well aligned
horizontally so that they can be easily identified. By contrast,
for samples like the 7t h and 8t h columns of Fig. 7 in which the
target bands are mal-positioned (not well aligned horizontally
due to variety of test conditions), the resulting saliency maps
with CAGs are more confusing than those without CAGs.
However, it is inconclusive that whether and how much we can
observe improvement on such samples, given the performance
improvement we have obtained on the 2nd (significant) and
5t h columns (minor) with similar mal-position.
3) Adaptive Attention: In the experiments, we have set
1 CAG for each of the 8 ResNet18 blocks at the position right
after its last 3 × 3 convolution layer, in the hope that the shape
of the CAG will be formed adaptively to the corresponding
block. A visualization of the resulting CAGs is given in
Fig. 8. We can see the peak weights of the CAG masks
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Fig. 7. Examples of saliency maps generated without and with CAGs. The better the dark-red band of a saliency map matches the target co-location,
the better the result is. The 1st ∼ 4th columns of the 3rd row are with significant performance gain over the corresponding examples without CAGs
(see saliency maps at the 2nd row), because the multiple dark-red bands have converged into a single band which matches the target co-location
well. In this respect, The 5th ∼ 6th columns of the 3rd row are with minor performance gain, while the 7th ∼ 8th are with performance degradation.

Fig. 8. CAGs weight distributions and masks at the 1st ∼ 8th blocks (from left to right) of ResNet18, and the resulting feature maps (F ∗ ) of samples
No.3143 and No.1154 after CAGs regulation. It is easy to see from the feature maps of the 3rd and 4th rows that, with the adaptive CAG regulation,
the attention is converging from multiple regions (for early stage blocks) to a single region (for early stage blocks). This is an indication that the
inference has been successfully conducted which eventually locates the correct co-location pattern from multiple candidates at early stages.

are decreasing from values around 0.35 to 0.25 along the
feed-forward direction. Given the fact that all deep networks
are shifting their focus (during forwarding) from low-level
features (i.e., specific bands in this study) to high-level patterns
(i.e., attention regions), the weight decreasing is a reasonable
resulting strategy that coaches the inference to rely less on the
CAGs when attention regions are more certain at later blocks.
The resulting feature maps (i.e., F ∗ after CAG filtering) of
the 2 samples in Fig. 8 has further confirmed this effect,
in which the learning has successfully converged to a single
peak (corresponding to an attention region) at later blocks from
the multiple peaks at the early blocks.

E. Comparison to the State-of-the-Art
To further investigate the performance of the proposed collocative learning framework, we compare it to ResNet18 and
the other 3 state-of-the-art (SOTA) methods including

•

•

•

DenseNet [43] which has been considered a logical
extension of the popular ResNet framework but is with
fewer parameters and comparable performance;
CBAM [37] which is one of the most popular attention
mechanism that is open to any base models (we use
ResNet18 in this study);
Inception-v3 [14] which is a representative of complex
deep networks pre-trained with a very large dataset (over
1 million images of ImageNet [32]) and with promising
performance.

The result of performance comparison is shown in Table IV.
Our method shows a comparable F1-score with while a
dominating superiority over the start-of-the-art methods with
performance gain of 61.92% ± 4.56 in IoU, 76.04% ± 4.58
in Precision R , and 72.94% ± 4.53 in Recall R . Its performance
gain over the base model ResNet has even reached 741.30%
in IoU, 118.38% in Precision R , and 725.11% in Recall R . It is
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TABLE IV
C OMPARISON OF ACCURACY AND E FFICIENCY W ITH THE S TATE - OF - THE -A RT. T HE B EST R ESULTS A RE IN B OLD. T HRESHOLDS FOR
C ALCULATING THE I O U S OF R ES N ET, D ENSE N ET, CBAM, AND I NCEPTION - V 3 A RE F INE -T UNED FOR B EST P ERFORMANCE

Fig. 9. Performance comparison on the balanced datasets and selected confusion matrices (numbers are in percentage): a) results on the balanced
dataset, b) confusion matrix of the model trained on the datasets with the natural distribution (a real but imbalanced distribution), c) confusion matrix
obtained on the balanced distribution of samples/class = 500, and d) confusion matrix obtained on the imbalanced distribution 4X. In terms of
F1-score, minor improvement has been observed on the balanced dataset compared to that on the imbalanced dataset. The improvement is mainly
from the minority classes (e.g., IgM-λ). In terms of IoU, the performance drops significantly when the dataset is balanced.

interesting that the CBAM, as the representative for attention
mechanisms, has obtained the best performance in IoU among
the state-of-the-art methods compared (i.e., outperforms the
other 3 methods by 6.94% ∼ 107.34%), which again confirms
the importance of considering attention in IFE recognition.
In this regard, our method has provided a formulated way of
integrating attention using CAGs and thus has obtained better
performance over CBAM by 305.77% in IoU, 263.83% in
Precision R , and 78.16% in Recall R .

F. Imbalance and Noise Issues of the Dataset
In the experiments above, the IFE dataset has followed
the natural distribution of the IFE sampling. However, it is
not a balanced distribution in a machine learning perspective.
In this section, we investigate how this will affect the learning.
In addition, we will study the effects of the noise as another
common issue that one many consider when starting the
learning.
1) Performance on Balanced Datasets: By fixing the number
of samples in each class, we can generate a balanced dataset by
under-sampling the majority classes and duplicating samples
in the minority classes using the original imbalanced IFE
dataset.4 In this section, we generate a set of such balanced
datasets for comparison by varying the number of samples per
class to 500, 1K , 1.5K , 2K , and 2.5K , respectively. The large
the number is, there are more duplicated samples in each class.
4 Note that methods like SMOTE are commonly used for generating balanced datasets. However, these methods are not able to generate co-location
references because they operate in the feature space rather than generating
actual samples. We are using the under- and over-sampling in the experiments,
so that the new samples can inherit the co-location reference and the IoU can
be measured.

The performance of the proposed method on these balanced
datasets are shown in Fig. 9(a).
By comparing with that of the imbalanced dataset, the performance has been improved by 0.74% ∼ 2.76% in terms of
F1-score when the classes are balanced. It is not surprising that
the improvement is mainly contributed by the minority classes
(e.g., IgM-λ) whose original class sizes are smaller than 100.
This can be observed more clearly from the confusion matrices
in Fig. 9, where the false negative rate of IgM-λ has been
reduced by 12.29% ∼ 57.39% on the balanced datasets. This
is simply because the impact of the minority classes in the
resulting models has been increased when more samples from
them have been fed into the networks.
By contrast, in terms of IoU, the performance has decreased,
which is less intuitive as in most of the learning problems
in which we can obtain better performance when classes are
balanced. However, by reviewing the samples on which the
balanced models have inferior IoU performance, we found
most of these samples are with sharp target band edges aside to
several other suspicious bands as distractions (e.g., the samples
with degraded IoU performance in Fig. 10). While the predicted labels are all correct, the models have put the reference
centers on the band edges rather on the band centers. This
is counter-intuitive but is not wrong indeed, because edges
are more noticeable than the centers in the area with smooth
color change. This type of inference is particularly effective
when there are other distraction bands, because it depends on
less references. The models may have developed such “tricks”
when the portion of these samples have been increased in the
balanced datasets. This is an advanced ability for IFE recognition but unfortunately not IoU friendly. Another evidence,
which indicates that, by balancing the classes, the models
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Fig. 10. Typical results on samples with multiple suspicious co-location bands before (the 1st row) and after (the 2nd row) balancing the class
distribution. These with degraded IoU performance are resulted from the a new skill the model have developed that recognizes a protein type by
simply referring to the cutting edges of the target bands (instead of the bands themselves). This is an useful skill which utilizes less information to
avoid the distractions of the other suspicious co-location bands, but unfortunately not human intuitive and IoU friendly. This would not happen when
the target band edges are smoother and there are no such edges for references (see examples with improved IoU performance).

can develop better ability of recognizing IFE co-locations,
is that there are a significant amount of samples on which
the balanced models have obtained better IoU performance
than that of the imbalanced models. Those samples are also
with multiple distractions but without cutting band edges
(Fig. 10). The balanced models have successfully skipped
the distractions and located the target bands on which the
imbalanced models have failed. However, the ratio between the
multiple-distraction samples with and without cutting target
band edges is roughly 3 to 1, which causes the degrade of the
overall IoU performance.
2) What Will Happen When the Dataset Scales Up?: Practically, given the aforementioned observations, one may have
the concern that whether the performance will be affected
when more samples are collected in the future. Since we can
observe from Fig. 9 that it would not affect the performance
much when the classes are balanced, in this section, we study
what will happen if datasets followed a natural (imbalanced)
distribution scale up.
We have simulated this situation by conducting the experiments on 4 datasets (denoted as 1×, 2×, 3×, and 4× hereafter)
that are with the sizes of 1, 2, 3, and 4 times larger than
that of the original dataset respectively. These datasets are
generated by randomly selecting and duplicating samples from
the original dataset. To determine the number of samples of a
class in the dataset k X (with the size of k times larger than that
of the original one), we first round up its original number of
samples (i.e., #samples in Table I) to the nearest hundred and
then multiple the result with k. For example, the #samples of
IgM-λ will be 3 × 100 in the dataset 3X given its original
#samples 27. This will keep the original distribution when
the dataset size grows.
The results on these 4 datasets are given in Table V, where
we have obtained almost the same performance as that on the
original dataset. The performance in both F1-score and IoU are
stable enough and even with slight improvement in F1-score.
By combining with the observations in Section IV-F.1, we can
see that whether the models will develop the counter-intuitive
skills is mainly determined by the class distribution rather than
the size of the datasets. It is easy to understand because the
human technicians’ way of recognizing the protein types has

TABLE V
P ERFORMANCE C OMPARISON OF M ODELS T RAINED ON THE O RIGINAL
(R EAL ) D ATASET AND S YNTHETIC D ATASETS W ITH S IZE OF 1, 2, 3,
AND 4 T IMES (1×, 2×, 3×, AND 4×) L ARGER T HAN THE O RIGINAL
D ATASET. T HE S YNTHETIC D ATASETS A RE U SED TO S IMULATE THE
S ITUATION T HAT A D ATASET F OLLOWING N ATURAL D ISTRIBUTION
S CALES U P. T HE B EST P ERFORMANCE A RE IN B OLD

also been developed on the natural distribution rather than a
balanced one. By keeping the natural distribution for learning,
we can have the machine inference to be more consistent to
the human experience.
3) The Noise Issues: One may have noticed from the IFEs
in the figures above that there are various types of noise.
Will these noise affect the performance? Should we conduct
preprocessing before we start the learning? These are common
questions that one may raise in image analysis tasks. To answer
these questions, we generate another set of datasets by adding
noise to the samples randomly selected from the original
dataset. There are 4 types of noise, namely salt, pepper, white,
and Gaussian blur from which we will randomly select one
for a new sample. To simulate the natural distribution in a real
scenario, the datasets are with an imbalanced class distribution
by rounding up its original numbers of samples to the nearest
hundreds. The datasets are different from each other in the
noise ratio which are selected from the range [0, 0.9] with a
step 0.1.5 The results are shown in Fig. 11, where we can see
the performance is insensitive to the noise when the ratio is in
the range of [0, 0.30]. This is an encouraging result, because
human technicians usually will discard the noise samples when
the ratio is larger than 0.15.
5 In the experiment, we have controlled the noise ratio only for the other
3 types of noise except the Gaussian blur. For the Gaussian blur, we fixed the
ratio to 0.01 because it controls the degree of blur, but in a real laboratory
setting, the IFE machines are all with auto-focus camera and thus rarely
generate blur images.
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Fig. 11. Performance comparison of using different preprocessing
methods on the datasets generated by varying the noise ratio. The
performance are not affected much by the noise in the human acceptable
range of noise ratio [0, 0.15], and the preprocessing has provided limited
improvement to the performance.

To verify whether the noise reduction techniques work,
we further repeat the experiment by adding the Median,
Gaussian filtering, and white balancing for preprocessing
respectively. The results are shown in Fig. 11, where we
can see none of the preprocessing has brought significant
improvement to the collocative learning.
It is worth mentioning that the investigations above are all
based on global noise assumption, because this is the most
possible noise type in a real laboratory setting where the
samples with local noise will be discarded. Furthermore, it is
easy to understand that the collocative learning is insensitive
to global noise because the collocative tensor is based on the
correlations of strips. As long as two strips are with the same
type of global noise, their correlation would not change much.
V. C ONCLUSION
We have proposed a collocative learning framework for IFE
analysis in which we have constructed a collocative tensor
to transform the binary relation of target bands into unary
relation in the tensor so that the sophisticated deep learning
models can be employed. With the tensor, we have proposed a
label-free-location method which eliminates the requirements
of location labels while providing the exact localization of
attention regions. A network called Coached CAGs has also
been proposed to guide the inference to be more consistent
with human logic. The performance of the framework has been
validated in the experiments.
While encouraging results have been observed, there is still
space for each of the components in the framework to be optimized. For example, in the current form of Eqn. (2), the three
factors, namely the  p (si , s j ),  p (si , s j ), and π p (si , s j ), are
with equal effect on the result. It is the most intuitive and
straightforward fusion schema one may consider as an initial
attempt. However, it might not be an optimal solution. Besides,
we have observed the models have learned advanced but not
intuitive skills (i.e., recognizing proteins from cutting band
edges) by balancing the classes. It is worth future study to
make the reasoning skills consistent to human logic.
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