
 

 
 
Supplemental Figure 1. Assessment of tumor immune memory in the YUMMER1.7 model. 
(a) Mice that had previously achieved complete tumor regression from treatment were re-
challenged with 500,000 YUMMER1.7 tumor cells via subcutaneous flank injection. Without 
additional therapy, all re-challenged animals exhibited rapid tumor rejection. (b) To simulate 
systemic tumor exposure, these animals were subsequently challenged with 100,000 
YUMMER1.7 tumor cells via left cardiac ventricle (LV) injection. Immediate imaging confirmed 
systemic dissemination of tumor cells. All animals demonstrated complete rejection of tumor cells 
without additional treatment.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

 
Supplemental Figure 2. Evaluation of treatment efficacy using the B16F10 melanoma tumor 
model. (a) Seven days after B16F10 tumor implantation, mice were randomized into four 
treatment groups: anti-PD-1, anti-MIF, combination therapy (anti-PD-1/anti-MIF), and isotype 
control (Ctrl). (b,c) Tumor volume and overall survival were monitored throughout the study. No 
significant differences in tumor progression or survival rates were observed among the treatment 
groups (p > 0.05), with tumor endpoint defined as a volume exceeding 1,000 mm³. (d) Tumor area 
under the curve (AUC) by day 17 showed no differences between the treatment groups. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

 
 
Supplemental Figure 3. CRISPR knockout of Mif in YUMMER1.7 diploid melanoma cells 
does not impact tumor growth in WT mice. (a) PCR analysis of genomic DNA from 
YUMMER1.7 diploid cells confirmed the presence of the expected band sizes corresponding to 
wild-type (WT, 450bp), Mif knockout (350bp), and Mif pseudogenes (~250bp). (b) Western blot 
analysis verified the complete absence of MIF protein in YUMMER1.7 diploid-Mif-/- cells, 
indicating successful knockout of Mif. (c) Tumor growth comparison between YUMMER1.7 
diploid-Mif-/- and YUMMER1.7 diploid parental tumors implanted in WT mice revealed no 
significant differences in growth, suggesting that tumor Mif loss does not affect tumor growth in 
this model. 
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Supplemental Figure 4. Distribution of intratumoral immune cell subtypes analyzed by flow 
cytometry. Flow cytometry analysis of tumor-infiltrating immune cell populations in YUMMER1.7 
tumors after two doses of treatment. No significant differences were observed among treatment 
groups in the frequencies of (a) myeloid cells, (b) MDSCs, (c) M1-like macrophages, (d) M2-like 
macrophages, (e) CD3+ T cells, or (f) CD8+ memory T cell subpopulations (p > 0.05). 
 
 
 
 
 
 
 



 
 
 

 
 
Supplemental Figure 5. Early Expansion of Cd74/C1q/Aif1-Expressing Macrophages in the 
Tumor Microenvironment Following MIF Treatment. (a) YUMMER1.7 melanoma cells were 
subcutaneously injected into mice, followed by a 1-week treatment (2 doses) course. Tumors 
were then harvested for scRNA-seq analysis. Unsupervised clustering identified 10 distinct cell 
populations across different treatment groups, with myeloid cells comprising the majority of 
immune cells in the TME. (b) Anti-MIF containing groups showed a significant expansion of a 
macrophage population characterized by Cd74, C1q, and Aif1 expression compared to other 
treatment groups. 
  



Supplemental Table 1. Flow Antibodies 
 
Color Antibody Company Catalog Clone Dilution 

BUV395 F4/F80 BD 565614 T45-2342  1:100 

AmCyan Live/Dead Thermo Fisher L34965  1:100 

BUV737 Cd3 BD 612803 17A2 1:100 

BUV737 Cd19 Invitrogen 367-0193-80 1D3 1:50 

Pacific Blue Aif1 CellSignaling 84037S E4O4W 1:100 

AF488 Cd74 Biolegend 151006 CLIP 1:100 

PE-Cy5.5 Cd45 Invitrogen 35-0451-80 30-F11 1:50 

PE C1q BD 569965 RmC7H8 1:100 

 
 
 
 
 
 



 
Supplemental Figure 6. Flow Gating Strategy of YUMMER1.7 Tumor Infiltrating Myeloid 
Populations. Example gating of macrophage and dendritic cells. 
 
  



Supplemental Figure 7. Flow Validation of 
YUMMER1.7 Tumor Infiltrating Populations in the 
Long Treatment Cohort. (a) Anti-MIF containing 
therapies showed a non-significant trend towards 
increased conventional dendritic cells (cDCs). (b) 
Combined anti-PD-1/anti-MIF treatment resulted in a 
higher percentage of CD74Hi expressing cDCs compared 
to anti-PD-1 therapy alone. (c) Combined anti-PD-1/anti-
MIF treatment resulted in a higher percentage of CCR7Hi 
expressing cDCs compared to anti-PD-1 therapy alone. 
(d) Combined anti-PD-1/anti-MIF treatment did not result 
in a higher percentage of dual CD74Hi/CCR7Hi cDCs 
compared to anti-PD-1 therapy alone, consistent with 
scRNA sequencing results. (e) A non-significant trend 
towards decreased MDSCs was seen with anti-PD-1 
and/or anti-MIF therapy compared to isotype control. 
Statistical significance is denoted as *p<0.05.  



Supplemental Figure 8. Key changes in immune cell interactions and signaling dynamics 
in the TME upon anti-PD-1/anti-MIF treatment. (a) Network diagrams showing the differential 
number of interactions (left) and interaction strength (right) among various immune cell types in 



the tumor microenvironment (TME) between anti-PD1 and anti-PD1/anti-MIF treatment groups. 
Red lines indicate increased interactions, while blue lines indicate decreased interactions in the 
anti-PD1/anti-MIF treatment group compared to the anti-PD1 group. (b) Specific signaling 
changes in key immune cell types under anti-PD1/anti-MIF compared to anti-PD1 treatments.  
 
 
Supplemental methods 

1. CRISPR/Cas9-Mediated Mif Knockout in YUMMER1.7 Diploid cells 

 
Since YUMMER1.7 is tetraploid, deletion of Mif was accomplished using a diploid clone of the 
line. Knockout of Mif in YUMMER1.7 diploid cells (YUMMER1.7 diploid-Mif-/-) was performed 
using a CRISPR/Cas9 system and the following sgRNA sequences (Synthego):  
 
5’-GUGUGCCGGCGGGUGGCGGC-3’  
3’-UCCUCCCUGCAAACCUGUGC-5´ 
 
YUMMER1.7 diploid cells at 70-80% confluency were transfected using the Lonza SF Cell Line 
nucleofection kit (Cat #V4XC-2032). Briefly, cells were resuspended in SF Cell Line solution and 
mixed with Cas9/sgRNA complex or control reagents. The nucleofection was carried out using 
the DJ-110 program on the Lonza Nucleofector following the manufacture’s instruction for B16 
cells. Post-electroporation, cells were transferred to pre-warmed media, incubated for 10 minutes, 
and then plated in 24-well plates for subsequent analysis.  
 
Monoclonal YUMMER1.7 diploid-Mif-/- cell lines were generated using limiting dilution. Cells were 
cultured in DMEM supplemented with 10% FBS, 1% antibiotic-antimycotic (A/A), and 1% non-
essential amino acids (NEAA), and maintained at 37°C in a humidified incubator with 5% CO₂. 
The successful knockout of Mif was confirmed by PCR, demonstrating the deletion of the target 
gene segment, and by western blot analysis, confirming the absence of MIF protein expression 
(Supplemental Fig. 3A,B). Clone 7, validated through these assays, was selected for use in 
subsequent experiments. 

2. Single-cell RNA sequencing  

The Cell Ranger(1) (version 7.1.0, 10x Genomics) pipeline was used to process the raw single 
cell RNA sequencing (scRNA-seq) data including alignment to the mouse reference genome, 
mm10, transcript quantification and generation of gene-cell matrices. The resulting filtered gene-
cell count matrices were further analyzed using the R (version 4.3.2) based Seurat(2) package 
(version 5.1.0) package, following the standard Seurat analysis pipelines for pre-processing, 
normalization, scaling, dimension reduction and clustering. 
 
Cells were demultiplexed using hashtag oligo (HTO) enrichment(3), after which doublets and 
negatives were removed. Cells with greater than 5000 or less than 200 unique features, and cells 
with greater than 5% mitochondrial counts were filtered out. 1671 cells remained after pre-
processing and filtering. Gene expression for each cell was normalized and log transformed. Each 
feature was scaled to a mean of 0 and by the standard deviation for each feature. 
 



Dimension reduction was performed with Principal Component Analysis (PCA) and Uniform 
Manifold Approximation and Projection (UMAP)(4,5), using 30 principal components. The cells 
were embedded in a K-nearest neighbor graph, after which clustering was performed using the 
Louvain(6) community detection algorithm with a resolution of 0.4. 
 
Differentially expressed genes (DEGs) were identified using DESeq2(7) (version 1.41.2). P values 
were adjusted using the Benjamini-Hochberg(8) method. The EnhancedVolcano(9) (version 
1.20.0) package was used to visualize DEGs. The dittoseq(10) (version 1.14.2) package was 
utilized to determine cluster proportions across treatment groups and to generate stacked bar 
plots. Clusters were annotated using DEGs and known canonical markers. 
 
A myeloid cell subset was created for further analysis. Scaling, dimension reduction, clustering 
with a resolution of 0.6 and differential gene expression analysis was performed as above. 
Clusters were annotated using DEGs. 
 
Gene Set Enrichment Analysis (GSEA)(11) and Over-Representation Analysis (ORA) were 
performed using the clusterProfiler(12) (version 4.10.1) package to identify enriched biological 
processes and pathways. GSEA and ORA were performed using gene sets from Gene 
Ontology(13,14) Biological Processes (GO BP) and KEGG(15,16) (Kyoto Encyclopedia of Genes 
and Genomes) databases. For ORA, a log2(fold change) > 0.5 was used as the cut-off for 
upregulated genes. 

Gene sets comprised of Mif associated genes and anti-apoptosis genes were created.  Module 
scores for expression of these gene sets as well as the ‘KEGG Antigen Processing and 
Presentation’ gene set were calculated for each cluster using Seurat. Kruskal-Wallis testing was 
performed for statistical comparison of module scores using the ggpubr(17) (version 0.6.0) 
package. 
 
Cell-cell communication analysis was performed using the CellChat(18) (version 2.1.2) package 
using the standard pipeline. Cell communication was inferred from putative ligand-receptor 
interactions. Cell types with fewer than 5 cells per treatment condition were excluded. 
Comparative and differential ligand-receptor expression analysis was performed between the 
anti-PD1-MIF and anti-PD1 treatment groups. Transcription factor activity inferential analysis was 
performed using the python package decoupler (version 1.7.0)(19,20).  
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